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THE SCIENCE OF HOME AUTOMATION

Abstract

by Brian Louis Thomas, Ph.D.
Washington State University

July 2017

Chair: Diane J. Cook

Smart home technologies and the concept of home automation have become more

popular in recent years. This popularity has been accompanied by social acceptance of

passive sensors installed throughout the home. The subsequent increase in smart homes

facilitates the creation of home automation strategies. We believe that home automa-

tion strategies can be generated intelligently by utilizing smart home sensors and activity

learning.

In this dissertation, we hypothesize that home automation can benefit from activity

awareness. To test this, we develop our activity-aware smart automation system, CARL

(CASAS Activity-aware Resource Learning). CARL learns the associations between ac-

tivities and device usage from historical data and utilizes the activity-aware capabilities

to control the devices. To help validate CARL we deploy and test three different versions

of the automation system in a real-world smart environment.

To provide a foundation of activity learning, we integrate existing activity recognition

and activity forecasting into CARL home automation. We also explore two alternatives

to using human-labeled data to train the activity learning models. The first unsupervised

method is Activity Detection, and the second is a modified DBSCAN algorithm that
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utilizes Dynamic Time Warping (DTW) as a distance metric. We compare the performance

of activity learning with human-defined labels and with automatically-discovered activity

categories.

To provide evidence in support of our hypothesis, we evaluate CARL automation

in a smart home testbed. Our results indicate that home automation can be boosted

through activity awareness. We also find that the resulting automation has a high degree

of usability and comfort for the smart home resident.
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CHAPTER 1. INTRODUCTION

In recent years, smart homes have been enhanced by the notion of context-aware and

activity-aware computing. Sensing and representing the current situation can improve the

design of the physical system and strengthen its real-time system resiliency and responsive-

ness. In this research, smart homes are pushed to this level by introducing the notion of

activity-aware home automation systems. Deploying activity-aware smart homes requires

several computational components to make them aware of user activities.

Context, concerning context-aware [1], is first defined as “information about lo-

cated objects and how those objects change over time.” Additional context-aware systems

quickly developed with the introduction and use of mobile computing devices [2, 3], mid-

dleware technologies [4], and smart home research [5–7]. Using the following definition of

context [8]:

Context is any information that can be used to characterize the situation of

an entity. An entity is a person, place, or object that is considered relevant

to the interaction between a user and an application, including the user and

applications themselves.

and the definition of context-aware [8]:

A system is context-aware if it uses context to provide relevant information

and/or services to the user, where relevancy depends on the user’s task.
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a definition of activity-aware systems can be built using the foundation of context-aware

systems.

Activity-aware systems utilize activity recognition methods to provide additional

information on broader behavioral patterns and activities in environments such as offices [9]

to operating rooms [10]. Taking advantage of recent advances in live activity recognition on

streaming sensor data [11] can allow a more diverse deployment of activity-aware systems

in real-world situations. To minimize confusion, activity-aware systems will be defined as

follows:

An activity-aware system utilizes knowledge of the current activity being per-

formed, in addition to other contextual information, to adapt the system and

its related services.

The minimal activity-aware system will only utilize the current activity, but the more

activity-related information that is included in the context (previous activity, the start

time of current activity, etc.), the greater the level of awareness and expected performance

improvement.

It should be noted that “context-aware” is a superset of “activity-aware.” Existing

context-aware systems do not use knowledge of activities, instead only utilizing location,

time, or interaction with specific objects [1]. To differentiate this earlier work from systems

that also incorporate information about the user’s activities in the present, past, and/or

future, the term activity-aware system has been introduced. Activity-aware systems are

valuable when creating adaptive, intelligent, smart homes because services such as building

automation can now adapt to the needs of individual users.
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This dissertation hypothesizes that building automation can benefit from being

activity-aware. Validation of this hypothesis is achieved by utilizing technology devel-

oped at CASAS (the Center for Advanced Studies in Adaptive Systems) to create a real

smart home that automates building control for energy efficiency. The developed activity-

aware smart automation system, CARL (CASAS Activity-aware Resource Learning), is

based on the foundation of the CASAS smart environment infrastructure. Data are col-

lected from sensors embedded in everyday building settings found in smart cities such as

smart offices, smart hospitals, and smart homes. The collected data are used to identify

activities that residents are performing and to determine the devices that are utilized in

the context of those activities. The goal of CARL is to automate a smart building by

turning off devices that are not needed for the current activity and leaving on devices that

are required. By recognizing the current activity, a building found in a smart city is sensi-

tive to its residents and does not turn off devices that they need. User adaptation is then

further enhanced by forecasting when the current activity will end and the next begin.

By providing this activity-aware energy-efficient building automation, smart buildings can

realize energy savings while still meeting the needs of the individuals who live and work

there.

To validate the notion of an activity-aware automated home, CARL is implemented

and evaluated on real-time and historical smart home data to determine its ability to

automate an actual smart building without disrupting resident activities efficiently. In

particular, the resulting research contributions include the following:

• Design and implementation of the CASAS sensor-filled smart home (Chapter 3)
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• Design and implementation of an automatable CASAS smart home called navan

(Chapter 3)

• Incorporation of activity learning algorithms, including activity recognition, activity

forecasting, and activity clustering, into the design of a home automation system

(Chapter 4 and Chapter 5)

• Design of the CARL building automation algorithm (Chapter 6)

• Evaluation of CARL based on actual home automation using navan and simulated

automation using historical smart home datasets (Chapter 7)

This research offers a new perspective on home automation. By implementing the

ideas in the context of an actual automated home, a basis is provided for future researchers

and developers to envision and create activity-aware smart homes for a greater range

of applications. The next chapter provides background and related research on current

building automation systems.
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CHAPTER 2. ENERGY-EFFICIENT BUILDING

AUTOMATION

The automation of the home is known as domotics [12], generally referring to a

house equipped with mechanical and electronic automation facilities. These homes are

now known as smart homes [13], drawing from popular culture and movies to describe an

equipped living space that is designed to assist residents with daily activities. To make

decisions about automation in the smart home, an intelligent agent must be aware of the

environment in the smart home. This awareness brings forward questions of sensing and

resident privacy which are addressed in the next sections.

2.1 Automation

Until recently, occupant behavior has been difficult to capture accurately. Self-report

of behavior and energy consumption is error prone [14], and whole-home meter monitoring

does not capture the behaviors in the home that influence use. As a result, there is an

urgent need to develop technologies capable of examining energy usage in homes, relating

behavior to power consumption, and providing energy reduction support through activity-

aware home automation.

Numerous approaches have been utilized to explore the influences and motivation

for residential energy use and the gap between the minimum amount of consumption that
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is needed for daily activities and the consumption that is observed. Four broadly defined

perspectives to explain this difference are economics, technology adoption and decision

science, environmental psychology, and sociology [15–17]. The underpinnings of these

various approaches are based on models of the individual or household decision making

to advance underlying well-being, values, attitudes, or social norms within the context

of different constraints including available choices, incentives, and existing technologies.

Some studies also consider the link between consumption and household composition,

including geography and political ideology [18].

On the other hand, many studies are based on economic theory that centers on

person-driven household utility optimization in response to financial incentives aimed at

either reducing total electricity consumption or shifting consumption from peak demand

periods to off-peak periods. Recent surveys find that household responses to economic

incentives are relatively small [19]. The effectiveness of time-of-use pricing policies de-

signed to shift consumption to off-peak periods appears to be mixed [20–23]. This limited

consumer response may be due in part to little information about household consump-

tion. Since users mostly receive monthly utility bills reporting aggregate use, it may be

difficult for them to respond to incentives. Consumers might be unaware of both elec-

tricity consumption associated with particular tasks or activities and of cumulative use

through a billing cycle. A 2010 survey of 15 experiments [16] found that critical-peak

pricing is far more effective when incentives are accompanied with enabling technologies

providing details on the nature of their consumption and allow remote control of electricity

consumption.
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Recently, some authors have investigated the effectiveness of information interven-

tion on electricity consumption. One company, Opower [24], mails reports to households

every few months containing personalized feedback, comparisons, and conservation tips.

Researchers found that families receiving the Opower report reduce electricity use within

days of receiving reports [25], but that responses decay rapidly. However, the reaction-

and-backsliding cycle decreases after receiving repeated reports. The authors speculate

that when intervention is repeated, people develop new behavior habits making treatment

effects permanent. One implication is that it is important to repeat an intervention until

participants develop habits or knowledge to develop a persistence effect lasting beyond the

treatments.

Also, studies have shown that social interfaces can be effective at promoting behavior

change, leading to a reduction in resource consumption. Some of the mechanisms that have

been tried are collective group goals, team play, and the feeling of responsibility for the

social group’s consumption status [26, 27].

Researchers claim that providing users with knowledge about the relationship be-

tween their activities and energy consumption and automation support for energy reduc-

tion will result in substantial decreases in overall consumption. This view is underpinned

by an increasing body of work that links awareness of energy consumption and its impact

on behavioral routines and behavioral change [28–30]. Until recently, validating this hy-

pothesis was not possible. However, with the convergence of technologies in ubiquitous

computing and machine learning, gathering data on human behavior is now automat-

able. Data can be collected from sensor-filled smart homes [31] and smartphones [32]
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unobtrusively while individuals perform their normal daily routines. Because these sensor

modalities operate in a continuous mode, feedback and interventions repeat ad infinitum,

thereby maximizing the persistence effect.

Technologies to unobtrusively monitor energy consumption are now beginning to

emerge at the consumer level. Non-intrusive appliance load monitoring [33] has been de-

signed to detect the use of individual devices. Several academic studies focused on this

topic to estimate residential energy levels based on appliance usage [34, 35]. Concerning

energy conservation, some industrial products concentrate on providing energy informa-

tion services and savings tips to residents. The Nest thermostat attempts to make energy

reduction hip and approachable [36–38]. Google PowerMeter provided a free energy mon-

itoring tool for saving energy by providing energy information via smart meters. Other

companies, such as Microsoft Hohm, C3 Energy, and Opower apply statistical methods

and data mining algorithms to analyze a home’s raw utility data and give customers prac-

tical energy saving tips. However, these projects are orthogonal to the CASAS automation

infrastructure, in which automation technologies are provided that are related to resident

behavior in the home.

Several studies exist that predict building energy consumption at a highly aggregated

level for an extensive collection of buildings [39], but these studies differ from current work

considering human behaviors in an individual building as primary features for predicting

energy usage. Some early work has focused on linking resident activity with energy con-

sumption [40], and this work builds on these earlier projects to provide automation that

does not disrupt these sensed activities.
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Recently, research groups have increasingly ventured into the area of home control

for energy efficiency. Much of this work focuses on the control of HVAC systems. Remote

control of HVAC systems has been facilitated and fine-tuned with automation control and

user-friendly app interfaces [41]. Researchers have built upon this foundation to investigate

probabilistic models to predict home occupancy [42,43].

Building on these earlier technologies and findings, CARL has been developed to go

beyond building occupancy, and instead learns and recognizes the range of activities that

are performed in a smart environment. This information is then used to determine what

devices and consumption are needed in support of the activities, and to turn off what is

not required.

2.2 Smart Thermostats

The presence of occupants and their behavior in buildings has been shown to have

substantial impacts on energy requirements for lighting, appliances, building controls, and

HVAC systems [44]. For the average U.S. residential home, heating, ventilation, and air

conditioning (HVAC) alone account for 43% of the total energy consumed in a year [45]. In

an effort to reduce energy costs, programmable thermostats were introduced as a method to

reduce energy requirements for an HVAC system. Programmable thermostats can utilize a

setback schedule to significantly reduce the energy needed for heating and cooling a home.

A setback schedule is a schedule of provided times during the day that the thermostat

can relax temperature setpoints, typically when no one is usually home or when residents
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are sleeping. Figure 2.1a visualizes the setback behavior of a programmable thermostat.

This thermostat is programmed to use the relaxed setpoint at 10 am and return to normal

comfort levels later in the evening.

Reactive thermostats were developed in an attempt to improve programmable ther-

mostats. By reacting to the residents, reactive thermostats were supposed to provide a

method of energy saving that would better match a resident’s changing behaviors. Instead

of following a pre-programmed schedule, reactive thermostats react to input from sensors

in the surrounding environment. Motion sensors, door sensors, or key-card access systems

are often used as data to these thermostats. In Figure 2.1b the thermostat can be observed

reacting an hour after the departure of the resident and setting a shallow setback temper-

ature. Unfortunately, when the resident returns just after 1 pm the reactive thermostat

must use much more energy to quickly return the temperature to the resident’s comfort

levels as it reacts to the resident’s sudden return.

A study by the Environmental Protection Agency (EPA) found that when properly

used, an exact setback schedule can reduce the energy required to heat and cool a home

by as much as 10%-30% [45]. Unfortunately, the same study also found that less than 50%

of U.S. households have a programmable thermostat installed, and in addition to that,

30% of the households with programmable thermostats installed are either disabling the

programmable feature or have them programmed incorrectly. Building on the previous

problem, it was discovered that many homes with programmable thermostats have higher

energy consumption on average than homes with manual controls due to the incorrectly

programmed or disabled thermostats [46]. Resulting from this, the EPA decided to sus-
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pend the Energy Star certification program for all programmable thermostats, effective

December 31, 2009 [47].

With the loss of the Energy Star certification for the programmable thermostats,

several researchers took up the challenge to research new techniques that could improve

the energy efficiency of thermostats. There is lots of research focusing on predicting

occupancy patterns for HVAC control [42,48–55], yet only a small portion of the research

evaluates their energy saving potential in a real test-bed or actual experiments [42,56–58].

Presented here are the Smart Thermostat from the University of Virginia, and a second

system that builds upon many ideas from the Smart Thermostat, called PreHeat.

2.2.1 The Smart Thermostat

The Smart Thermostat [42] is a thermostat designed to use occupancy sensors to

automatically turn off the HVAC system when residents are sleeping or away from home. If

the average U.S. home were to reduce HVAC energy usage by 20%-30%, the monthly energy

bill would decrease by approximately $15. It has been argued that this small financial gain

does not justify the difficulties in optimizing HVAC control on a daily basis [42]. At the

national scale, these savings would be approximately 100 billion kWh at the cost of $15

billion annually and prevent 1.12 billion tons of pollutants from being released into the

atmosphere every year [59]. With this in mind, the Smart Thermostat was developed to

use off the shelf sensors that are easy to install and inexpensive enough that the energy

savings would recoup their cost within 2-3 months. By using X10 motion and door sensors,
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(a) Programmable Thermostat

(b) Reactive Thermostat

(c) Smart Thermostat

Figure 2.1: While both programmable and reactive thermostats can waste energy and

cause discomfort, a smart thermostat can use a deep setback temperature while residents

are gone and preheat immediately before their return [42].
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Figure 2.2: Energy efficiency and lag time for three stages of a standard HVAC system [42].

each costing approximately $5 [60], the sensors required for an average home with nine

rooms would cost around $50 to $100. A motion sensor would be placed in every room and

a door sensor in most doorways. However, analysis and simulations with several publicly

available smart home datasets would show that using a select set of sensors (3-5 sensors)

carefully placed throughout the home instead of the planned 12-20 sensors resulted in

negligible differences in occupancy detection. The ability to install this system with the

select sensors and still get significant energy saving for less than $25 puts it in a place that

just might outweigh the initial cost and installation to reach the benefits from continued

use [42].

To make decisions about turning on and off the HVAC system, a Hidden Markov
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Figure 2.3: Target preheat times are chosen to minimize the expected energy use, in this

case, the smart thermostat would start to preheat at 18:04 [42].
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Model (HMM) is trained to estimate the probability of the home being in each of three

defined states: (1) Away for when the house is unoccupied, (2) Active for when the home

is occupied, and at least one resident is awake, and (3) Sleep for when all residents that

are home are sleeping. Turning off the HVAC system is easier to determine than when it

should be turned on. Preheating the home too early can waste energy when maintaining

the higher setpoint for too long. Figure 2.2 depicts the three stages found in most HVAC

systems. In many homes, there is a 2-stage heat pump and a third stage electric heater

that can condition the space in significantly less time, but with a significantly higher rate of

energy use. The Smart Thermostat algorithm balances this delicate trade-off by choosing

the optimal preheat time.

By plotting the targeted preheat time against the long-term expected energy usage,

shown in Figure 2.3, the algorithm can use the observed capacities and efficiencies of

the different HVAC system stages to calculate the optimal time that will use the least

energy in preheating the space in time for the predicted return of the residents. This plot

demonstrates that if the thermostat preheats too early (left side), energy is wasted from

maintaining the high setpoint temperature too long, and if the thermostat preheats too

late (right side), energy is lost because it must react with the fast-yet-inefficient Stage3

(electric heater) if the residents return before preheating is complete.

When calculating the setback temperatures for away, shallow setbacks are typically

used to reduce the risk of comfort loss, in case of the resident returning unexpectedly

and the home is still at the setback limit. If the setback period is plotted against the

depth of the setback temperature, as in Figure 2.4, one can see that the deeper setback
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Figure 2.4: A comparison of deeper setback degrees to longer setback periods [42], demon-

strating that a deeper setback provides greater energy savings than a longer setback.
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Figure 2.5: Results on data collected in 8 homes, each having run for 14 days [42].
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temperatures have larger impacts on energy savings than longer setback periods. From

this graph, it can be calculated that increasing a setback temperature by five degrees for

an hour is equivalent in energy expenditure as holding the standard setback temperature

for five hours.

To start evaluating algorithms and models, a framework was built around the U.S.

Department of Energy’s EnergyPlus simulator [61]. By utilizing the whole-house thermal

simulation modeling, evaluations were run over several different algorithms with different

housing conditions and climates. Comparisons were made between an optimal algorithm

that was designed to provide the theoretical upper bound on energy savings, a reactive

thermostat with a five-minute threshold, and the Smart Thermostat. The optimal algo-

rithm knows the complete state of the home at all times and has no lag time when heating,

implying that the optimal miss time will always be zero. Results on the data collected

from 8 homes are presented in Figure 2.5. The depicted energy savings is defined as the

percentage of saving by the scheme over the cost of continuously maintaining the setpoint

temperature. The Smart Thermostat outperforms the reactive thermostat in all 8 homes

and maintaining the setpoint even beats the reactive thermostat in homes E-H. On average

the Smart Thermostat saves 28% of the energy used by residential HVAC systems.

2.2.2 PreHeat

PreHeat [43] was primarily a Microsoft supported research project that attempted

to improve upon the work done with the Smart Thermostat by improving occupancy
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Figure 2.6: House Unit in U.S. deployment replacing the preexisting thermostat [43].

prediction. The experimental thermostat was installed in five homes, three in Seattle,

USA and two in Cambridge, U.K. from January through April of 2011. Images of the

installed hardware may be found in Figures 2.6, 2.7, and 2.8. All U.S. homes had whole-

house forced air HVAC systems, so a single House Unit (Figure 2.6) was installed, replacing

the existing thermostat. The U.K. homes were equipped with per-room heating and fitted

with Room Units (Figure 2.7) and a Control Unit (Figure 2.8) for controlling per-room

under-floor heating valves or the house boiler.

Occupancy detection was performed using two different methods between the U.S.

and U.K. installs. In the U.S., occupancy was detected with RFID tags given to the
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Figure 2.7: Room Unit from a U.K. installation [43].

residents to put on their keys. The U.K. homes had motion detectors installed because

heating could be controlled on a per-room basis. U.K. residents did have RFID tags as

well, but they were only used during system evaluation and not for prediction.

The PreHeat prediction algorithm first utilizes occupancy-reactive heating when a

given space is occupied. When a given space is unoccupied, the algorithm then predicts

when the given space will next be occupied by comparing historical occupancy data to

what it has observed for the current day. A binary vector represents occupancy in the

spaces, where each element is a 15-minute interval, shown in Figure 2.9. The pattern for

the current observed partial day is compared to past partial days, and the five most similar

are then selected. Probabilities for the future occupancy are then computed by taking the
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Figure 2.8: Control Unit from the U.K. wired into old boiler control circuitry [43].



22

Figure 2.9: The PreHeat prediction algorithm. Every day is split into 15-minute windows,

so for a partially observed day (on the right) the algorithm searches for the five best

matches found in the past, computing probabilities for future occupancy from the averages

of what happened the remainder of those days [43].

average of the five selected past days for each interval.

Two variations of the PreHeat algorithm were implemented in an attempt to im-

prove accuracy. The first variation added a field to the binary vector identifying the day

as a weekday or a weekend. Weekend predictions were then only computed from other

historical weekend observations and the same for weekday predictions. This improved
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accuracy because residents normally have different occupancy patterns between weekends

and weekdays. There is a noted flaw in this assumption if the residents did not have

regular white-collar jobs, such as a position in retail, and instead took their two days off

at differing times during the week. This issue could be overcome by allowing weekends

to compute predictions from weekdays, or vice versa if conditions are similar enough to

warrant overriding that flag. The second variation of the PreHeat algorithm augments the

beginning of each occupancy vector with four hours of occupancy data from the previous

day, giving predictions near the start of a day a little more help in comparing to historical

observations. Four hours of observations are also added to the end of each day, allowing

the avoidance of complexities in making predictions that span midnight.

Deployment of the PreHeat system collected data across three phases. Phase 0

lasted a minimum of a week and was used for debugging and allowing residents to get

used to the RFID tags and adjust their preferred setpoints. The preexisting thermostat

(if programmable) was used as a baseline schedule and residents were asked to update the

program if necessary. Phase 1 was the initial data collection and lasted 14 days without

occupancy prediction. The schedule provided during Phase 0 was used as a programmable

thermostat during this time. This schedule also allowed the collection of enough histor-

ical occupancy data so the prediction system in Phase 2 could work accurately. Phase

2 compared the PreHeat prediction algorithm against the scheduled system and lasted

between 48 and 72 days. To regulate for schedule changes, each day alternated between

the PreHeat algorithm and the scheduling algorithm.

While per-room heating was not directly studied through a direct comparison, an
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Figure 2.10: PreHeat can adapt and heat several rooms with differing-occupancy much

more efficiently than a scheduled thermostat [43].

example of how well PreHeat was able to adapt to each room’s occupancy settings is still

fascinating. Figure 2.10 shows how often each of the algorithms ended up heating each

room for one of the U.K. deployments. From examining data collected in Phase 2, it was

found that 91% of the time the system needed 90 minutes or less notice for each daytime

heating instance. A 90-minute look ahead time was then chosen as the evaluation for the

rest of the assessment. Prediction accuracies for the 90-minute look ahead can be found

in Figure 2.11. The manually programmed schedule thermostat performed worse than

the PreHeat algorithm by a median ten percentage points. The general population can

expect even greater improvements as many do not use the programming feature in their

thermostats, or have it poorly programmed.
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Figure 2.11: PreHeat consistently outperformed thermostats that were carefully pro-

grammed [43].

After living with PreHeat for some time, the researchers provide some anecdotes

about their experiences. PreHeat handles weekend chaos better than expected, program-

ming the thermostat for the weekend was always a challenge and PreHeat did a better

job without requiring manual effort or interventions from the residents. PreHeat supports

more complicated occupancy patterns than programmable thermostats allow and predic-

tion on a per-room basis was a relief to U.K. residents as maintaining multiple thermostats

throughout the home can be quite the hassle. PreHeat adapts to changing schedules with

ease, a schedule change in one of the U.S. homes only took a few observations of the new

pattern before PreHeat was correctly predicting occupancy again.
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2.3 Energy-Efficient Smart Buildings

The impacts of lifestyle choices on energy usage and the environment are becoming in-

creasingly noticeable, and therefore a focus of resources on building automation and smart

cities. Vast and attractive opportunities exist to reduce a building’s energy use at lower

costs and higher returns than in other sectors [62]. Research on office environments has

shown a positive correlation between occupant productivity and lighting satisfaction [63].

Continuing on this trend of financial incentives, further studies report on potential savings

of 58% [64], 48% [65], and 33% [53] of energy used in office lighting. These reductions are

fundamental to supporting achievement of the International Energy Agency’s (IEA) target

of a 77% decrease in the planet’s carbon footprint against the 2050 baseline to reach sta-

bilized CO2 levels called for by the Intergovernmental Panel on Climate Change (IPCC).

As a result, research attention is being directed toward green technology, environmentally-

friendly building design, and active demand response within the smart grid. This work

examines the behavior side of sustainability and introduces ubiquitous computing tech-

nologies that may aid in reducing energy consumption. In particular, an activity-aware

intervention is described that promotes energy efficient, sustainable building automation.

Research by the World Business Council for Sustainable Development (WBCSD) in

2009 demonstrates that energy used in buildings can be cut dramatically, saving as much

energy as the entire transport sector currently uses. In 2015, the United States consumed

97.651 quadrillions BTU of energy, a 300% increase from 1949 [66]. The growth of energy

usage is not entirely due to manufacturing plants and automobiles: residential and com-
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mercial buildings are responsible for 40% of the energy consumption [67]. There exists

evidence that residential consumer behavior can be influenced to be more sustainable. For

example, home residents have reduced consumption by as much as 15% in response to

just viewing raw usage data [68]. Changing behavioral patterns in these environments

can influence usage by as much as 90% in commercial buildings and 100% in household

settings [25].

Until recently, occupant behavior has been difficult to capture accurately. Self-

reports of behavior and energy consumption are error prone for some populations [69],

and whole-home meter monitoring does not capture the behaviors in the home that influ-

ence consumption. Approaches have been utilized to explore the gap between the mini-

mum amount of consumption that is needed for daily activities and the consumption that

is observed [15]. Some early work has focused on linking resident activity with energy

consumption. The hypothesis that providing users with knowledge about the relation-

ship between their activities and power consumption and automation support for energy

reduction will result in substantial decreases in overall consumption is supported by an

increasing body of work that links awareness of energy consumption and its impact on

behavioral routines and behavioral change [29, 30, 70]. Until recently, validating this hy-

pothesis was not possible. However, with the convergence of technologies in ubiquitous

computing and machine learning, gathering data on human behavior is now automatable.

Data can be collected from sensor-filled smart buildings and smartphones unobtrusively

while individuals perform their normal daily routines. Because these sensor modalities

operate in a continuous mode, feedback and interventions repeat ad infinitum, thereby
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maximizing the persistence effect.

Automating control of buildings for energy efficiency has been explored by other

groups [62, 71–77]. However, this work represents the first known approach in which

activity awareness is used to automate the environment more intelligently.

2.4 Smart Environments

Computers are commonly embedded in familiar objects such as home appliances and

mobile devices, gradually pervading almost every level of society. In the last decade, ma-

chine learning and pervasive computing technologies have matured to the point where this

power is not only integrated into the lives of most consumers, but it can provide activity-

aware, automated support in an everyday environment. One physical embodiment of such

a system is a smart home. In the home or other smart building environments, computer

software that plays the role of an intelligent agent perceives the state of the physical envi-

ronment and residents using sensors, reasons about the configuration of the environment

using artificial intelligence techniques, and then takes actions to achieve specified goals.

Activity-aware building automation can be accomplished with any sensor-filled phys-

ical environment (see Figure 2.12). One physical embodiment of such a system is a smart

home. In the home environment, computer software that plays the role of an intelligent

agent perceives the state of the physical environment and residents using sensors, reasons

about this state using machine learning and data mining, and then takes actions to achieve

specified goals.
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Figure 2.12: The physical systems (sensors, home) work together with humans and com-

putational components (activity learning) to provide activity-aware automation.
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Smart home technology is being increasingly recognized valuable for applications in-

cluding health monitoring and home automation [78]. Smart home projects, including the

Aware home [79], the Gator Tech Smart home [80], and the MavHome [81], demonstrated

the capabilities of using sensors and computers to create a home that reasons about its

state and takes actions to make the home more comfortable. Smart homes have recently

been a focus for companies including GE, Intel, iControl, Control4, Brillo, and Google,

who are creating smart home operating systems, interfaces, developer platforms, and main-

tenance plans for the consumer. Many of these projects provide a necessary infrastructure

for collecting sensor data and automating devices. The key to making such environments

intelligent is the software that reasons about the home using techniques, such as activity

recognition and activity forecasting.
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CHAPTER 3. SMART HOMES

The CASAS smart home technology is designed for in-home monitoring of ADLs

(Activities of Daily Living) as well as home automation applications. Over the last decade,

much progress has been made in the area of smart homes and smart environments. This

chapter defines the particular CASAS smart home framework utilized in this research and

describes in detail one CASAS smart home that was designed with automation in mind

and later employed in live experiments with the activity-aware smart automation system,

CARL.

3.1 The CASAS Smart Home Framework

The CASAS “Smart Home in a Box” software architecture components are shown in

Figure 3.1. During perception, control flows up from the physical components through the

middleware to the software applications. When taking action, control moves down from

the application layer to the physical components that automate the work. The core goal is

that each of the layers is lightweight, extensible and ready to use as is, without additional

customization or training.

The CASAS physical layer contains hardware components including sensors and ac-

tuators. The architecture utilizes a ZigBee wireless mesh which communicates directly

with the hardware components. The middleware layer is governed by a publish/subscribe
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Figure 3.1: CASAS smart home components.



33

manager. The manager provides named broadcast channels that allow component bridges

to publish and receive messages. Additionally, the middleware provides valuable services

including adding time stamps to events, assigning UUIDs, and maintaining site-wide sen-

sor state. Every component of the CASAS architecture communicates via a customized

XMPP bridge to this manager. Examples of such bridges are the ZigBee bridge, the

Scribe bridge which archives messages in permanent storage, and bridges for each of the

software components in the application layer. While each site runs independently, the

smart building site also securely uploads events to be stored in a relational database in

the cloud.

The CASAS architecture is easily maintained, easily extended, and easily scaled.

This design is easily maintained because the communication bridges use lightweight APIs

that support a wide variety of messages in a free-form manner. As a result, the middleware

is compact and stable - it has had only one update in seven years. CASAS is extendable

because new bridges can be configured and integrated without changing or even restarting

the middleware. Bridges that link multiple smart homes together were recently designed

and implemented, allowing CASAS to scale to communities of smart homes.

All of the CASAS components fit within a single small box, as is shown in Figure 3.2.

The current box contains physical elements in the form of sensors that are pre-labeled

with the intended location. Additional sensors and controllers can be included when

needed. The middleware, database, and application components reside on a small, low-

power computer with an ITX form factor server. While this layout is designed to allow

each smart home to run independently and locally, smart homes can also securely upload
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events to be stored in a relational database or the cloud.

For this research, the system is implemented and evaluated in the context of a CASAS

smart home. Due to the difficulty of creating a fully-functional smart environment infras-

tructure, many of the early smart home projects described in the previous chapter are

tested on simulated or lab-based data [82, 83]. To support the scaling of smart environ-

ment research, a streamlined “Smart Home in a Box” (SHiB) was designed [84], shown in

Figure 3.2.

Data has been collected in over 100 smart environment sites to date. The CARL

home automation system is evaluated using data from a number of these testbeds. One

particular testbed, called navan, is additionally equipped for automation and provides a

real-time testbed for the complete home automation system. The next section provides

details on this testbed.

3.2 The navan Smart Home

The navan testbed is a single-resident apartment with a floor plan, shown in Fig-

ure 3.3. The testbed is equipped with 118 sensors. To track the location of smart home

residents, infrared motion sensors are placed on the ceilings with removable adhesive strips.

Most of the motion sensors are focused on sensing an area in a one-meter diameter cir-

cle immediately below the sensor. However, additional motion sensors are placed in each

major room, which has a much broader coverage to indicate whether human (or pet) move-

ment is occurring anywhere in the observable space. The circles in Figure 3.3 represent
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Figure 3.2: Smart Home in a Box.
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the positions of the motion sensors. The square icons in the illustration indicate the pres-

ence of magnetic door sensors, which register the open/shut status of external doors as

well as cabinets in the kitchen and bathrooms. Coupled with these are additional sensors

that monitor ambient light and ambient temperature, which are useful for recognizing

key activities such as bathing and cooking and for sensing internal (and to an extent,

external) weather conditions. Additionally, navan also includes temperature-only sensors

(represented as stars in the figure) that are placed in pairs throughout the apartment at

8” from the ceiling and 12” from the floor to identify temperature gradients. Electricity

usage data are collected in navan using a Ted5000 power meter that provides instanta-

neous usage wattages every few seconds. Arduino-based WiFi thermostats (represented

by hexagonal icons in the figure) were designed, built, and installed to monitor use of the

baseboard heaters in individual rooms and to log temperature setpoints.

The sensors in the smart home are discrete event sensors. When a state change is

sensed (e.g., there is motion in the area, a cessation of motion in the area, a significant

temperature change, or a change in door status), the sensor generates a reading that is

sent (as a text message) to the smart home middleware. The middleware logs the ID of

the sensor generating the reading together with the date and time of the reading and the

state of the sensor. Table 3.2 shows a sample of the readings that are generated by one

such smart home.

To facilitate control of devices inside navan, ZigBee light switches are installed to

control lights and the bathroom fan. Also, custom electrical boxes are designed with

ZigBee light switches, as shown in Figure 3.4, to monitor and control additional devices
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Figure 3.3: navan automated smart home testbed.
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Figure 3.4: A ZigBee light switch is used to control devices and provide user feedback.

including reading lamps and speakers. Each light switch reports changes in the state of

the device as well as button taps and tap counts. These taps provide a mechanism for the

resident to provide feedback to the home automation system. In Figure 3.3, the locations

of devices that are controlled by the ZigBee light switches are indicated by the name of

each device. All of the mentioned devices represent lights or lamps except for F001 (the

bathroom fan) and LL014 (the television speakers). A more detailed sensor map of navan

can be found in Appendix A.
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Device Watts Description

F001 30 Bathroom exhaust fan

LL001 60 Hallway light

LL002 120 Bathroom light

LL003 250 Bathroom heat lamp

LL004 120 Office light

LL005 120 Bedroom light

LL006 120 Living room light

LL007 120 Dining room light

LL008 80 Kitchen light

LL009 98 Accent lighting

LL011 49 Accent lighting

LL013 180 Living room light

LL014 75 Television speakers

LL015 60 Desk light

LL016 25 Desk halogen lamp

Table 3.1: Device descriptions and wattages for the navan testbed.
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Figure 3.5: OneWire LentilBoard.

Figure 3.6: OneWire Door Sensor.

Figure 3.7: OneWire Item Sensor.

Figure 3.8: OneWire PIR Sensor.
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Figure 3.9: OneWire A2D (Analog to Digital) Sensor.

Figure 3.10: OneWire Temperature Sensor.

Figure 3.11: OneWire Motion Sensor.
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Figure 3.12: Magnetic contact relay (1 internal, up to 2 external) and temperature (1

internal, up to 1 external probe) sensors. Used to sense door activity.

Figure 3.13: Externally powered ZigBee Pro Extender. Internal magnetic contact relay

and temperature only.
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Figure 3.14: Ceiling mounted infrared motion and light sensor. The lens is usually partly

blocked, so only motion in a small region is observed.

Figure 3.15: Wall mounted infrared motion and light sensor. The lens is often left un-

blocked to act as an “occupancy” sensor for a large region.
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Figure 3.16: Passive Control4 sensors in the second generation sensor network at CASAS.

These wireless ZigBee Pro devices (except for 3.13) connect to a permanently powered

Control4 device (see Figure 3.17, or 3.13) to transmit sensed events along the mesh to the

base station as they can only be leaves in the mesh due to a power saving feature that

turns off the radio for minutes at a time.
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(a) Light switch, on/off or dim-

ming options

(b) 3 button keypad (c) 6 button keypad

Figure 3.17: Active Control4 sensor/actuator devices in the second generation sensor net-

work at CASAS. These permanently powered devices make up the core mesh structure of

the Control4 ZigBee Pro network, all wireless devices (see Figure 3.16) connect and pass

messages through these active devices.
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Date Time Target Message Tag

2008-03-03 14:13:58.873547 M014 ON Cook Begin

2008-03-03 14:13:58.997577 M013 ON

2008-03-03 14:13:59.144543 M009 OFF

2008-03-03 14:13:59.984724 D007 OPEN

2008-03-03 14:14:01.033088 M014 OFF

2008-03-03 14:14:04.578001 I008 ABSENT

2008-03-03 14:14:09.120758 M013 OFF Cook End

2008-03-03 14:14:09.622629 M016 ON Eat Begin

2008-03-03 14:14:12.413874 M016 OFF

Table 3.2: Example format of sensor data with annotation tags.
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Testbed Description

hh101 2 months of data collection, with single resident.

hh102 2 months of data collection, with single resident.

hh103 2 months of data collection, with single resident.

hh104 2 months of data collection, with single resident.

hh105 2 months of data collection, with single resident.

hh106 2 months of data collection, with single resident.

hh107 1 month of data collection, with 2 residents.

hh108 2 months of data collection, with single resident.

hh109 2 months of data collection, with single resident.

hh111 2 months of data collection, with single resident.

hh112 3.5 months of data collection, with single resident.

hh113 15.5 months of data collection, with single resident.

hh114 1 month of data collection, with single resident.

hh115 10 months of data collection, with single resident.

hh116 2 months of data collection, with single resident.

hh117 11 months of data collection, with single resident.

hh118 1 month of data collection, with single resident.

hh119 1 month of data collection, with single resident.

hh120 2 months of data collection, with single resident.

Table 3.3: HH testbeds utilized in experiments.
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Testbed Description

hh122 1 month of data collection, with single resident.

hh123 1 month of data collection, with single resident.

hh125 2 months of data collection, with single resident.

hh126 1 month of data collection, with single resident.

hh127 1 month of data collection, with single resident.

hh128 2 months of data collection, with single resident.

hh129 1 month of data collection, with single resident.

Table 3.3: HH testbeds utilized in experiments.

Testbed # Motion # Door # Temperature # Light Switches

hh101 16 3 5 -

hh102 25 6 5 5

hh103 11 3 4 5

hh104 27 6 7 6

hh105 21 5 5 9

hh106 25 6 6 9

hh107 24 3 9 -

hh108 24 5 4 7

hh109 19 5 6 2

Table 3.4: Sensor types and counts for the HH testbeds.
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Testbed # Motion # Door # Temperature # Light Switches

hh111 23 5 9 8

hh112 16 4 4 3

hh113 23 6 5 10

hh114 14 3 4 8

hh115 15 5 6 9

hh116 16 5 6 8

hh117 13 4 3 6

hh118 20 5 6 10

hh119 16 4 6 6

hh120 20 3 4 7

hh122 24 4 9 -

hh123 18 2 7 -

hh125 24 3 7 -

hh126 15 2 4 -

hh127 15 2 5 -

hh128 18 2 5 -

hh129 18 2 5 -

Table 3.4: Sensor types and counts for the HH testbeds.
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3.3 Additional Testbeds

In addition to the navan testbed, we utilized data from an additional 26 testbeds.

All of these testbeds are listed in Table 3.3, along with the number of months of data

from each site and the number of residents in the home. As all of these testbeds are called

hh101, hh102, through hh129, we will refer to this group as the HH testbeds.

Each HH testbed is an apartment with a kitchen, a dining area, at least one bedroom,

and at least one bathroom. Every testbed utilizes ZigBee Pro motion sensors with built-in

brightness sensors, door sensors, and temperature sensors. Many of the HH testbeds are

also equipped with ZigBee Pro light switches that we can monitor for use. The counts of

each sensor type deployed in each testbed can be found in Table 3.4. Floorplans for these

sites can be found in Appendix A.
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CHAPTER 4. ACTIVITY LEARNING FOR HOME

AUTOMATION

Learning and understanding observed activities is at the center of many fields of

study and is essential for smart environments such as smart buildings that are sensitive

to the needs of the humans they serve. Smart environments that operate in complex

real-world applications such as building automation require the depth of information that

is provided by activity learning algorithms because activity labels and models provide

a rich vocabulary for expressing behavior within a system. In the past, theories about

behavior and activity patterns were formed based on limited observation and self-reports.

More recently, the maturing of technologies, such as the SHiB, has made it possible to

automate activity learning. Learning activities, in turn, enrich smart homes because the

home’s intelligent agent can reason at a high level about the resident’s activities and take

appropriate actions.

In the CARL activity-aware building automation approach, activity learning plays

two roles. Firstly, activity recognition is used to identify activities as they are performed

in a smart building environment. Secondly, activity forecasting is used to forecast whether

a particular activity will occur within the upcoming time window. Together, activity

recognition and activity forecasting provide a basis for building automation that supports

current and future tasks the residents will perform in the building. The next three sections

give details for these two critical components of activity-aware home automation.
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4.1 Activity Learning Features

Many of our features were initially described by Cook [85], then expanded and en-

hanced as outlined in this section. All of our features utilize a sliding window length of

2400 seconds, a context derived from the ten past windows, and sample the current value

of each sensor every 10 seconds. Every sensor reading, together with the date, time, and

sensor identifier, is considered a sensor event. We categorize sensor events based on the

type of sensor that generated the reading. If an individual interacted with a sensor, thus

triggering the event, we refer to the event as an entity event. Similarly, events generated

by motion, door, item, button or light sensors are entity events. On the other hand, events

produced by light sensors, temperature sensors, or power meters are referred to as non-

entity events. The set of features that are extracted from our smart home sensor data

is summarized in Tables 4.1 and 4.2. The features in Table 4.3 are only used in activity

forecasting.

Feature Description

lastSensorEventHour The hour (0-23) of the most recently

observed sensor event.

lastEntitySensorEventHour The hour (0-23) of the most recently

observed entity sensor event.

Table 4.1: Base Features
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Feature Description

lastSensorEventSecondsPastMidnight The number of seconds past midnight

that the most recent sensor event oc-

curred, with a range of (0-86,400).

lastEntitySensorEventSecondsPastMidnight The number of seconds past midnight

that the most recent entity sensor event

occurred, with a range of (0-86,400).

windowSecondsDuration The size, in seconds, of the current win-

dow.

secondsSinceLastSensorEvent The number of seconds since the most

recent sensor event was observed, with

a range of (0-86,400).

secondsSinceLastEntitySensorEvent The number of seconds since the most

recent entity sensor event was observed,

with a range of (0-86,400).

dominantSensor The dominant sensor in the window.

dominantEntitySensor The dominant entity sensor in the win-

dow.

dominantMotionSensor The dominant motion sensor in the

window.

Table 4.1: Base Features
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Feature Description

pastDominantSensori The dominant sensor in past window i.

pastDominantEntitySensori The dominant entity sensor in past

window i.

pastDominantMotionSensori The dominant motion sensor in past

window i.

currentSensorId The current or most recent sensor ob-

served.

lastEntitySensorId The most recently observed entity sen-

sor.

lastMotionSensorId The most recently observed sensor of

type motion.

numberDistinctSensor The number of distinct sensors in the

sliding window.

numberDistinctEntitySensors The number of distinct entity type sen-

sors in the sliding window.

numberDistinctMotionSensors The number of distinct motion type

sensors in the sliding window.

Table 4.1: Base Features
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Feature Description

sensorStatei The current numeric value of sensor i.

sensorEventCounti The number of events for sensor i in the slid-

ing window.

weightedSensorEventCounti The weighted number of events for sensor i in

the sliding window using mutual information.

weightedEntitySensorEventCounti The weighted number of events for sensor i in

the sliding window using mutual information

with entity sensors.

sensorEventElapsedTimei The number of seconds since an event was

last generated by sensor i, with a range of

(0-86,400).

maximumValuei The maximum value of sensor i in the sliding

window.

minimumValuei The minimum value of sensor i in the sliding

window.

sumi The sum of the sampled sensor values for sen-

sor i across the sliding window of length W .

S is the set of sampled sensor values from

sensor i.

Table 4.2: Features generated for each sensor.
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Feature Description

sum(S) =
W∑
j=0

Sj (4.1)

meani The mean of the sampled sensor values for

sensor i across the sliding window.

mean(S) = µ =
Sum(S)

W
(4.2)

meanAbsoluteDeviationi The mean absolute deviation of the sampled

sensor values for sensor i across the sliding

window.

meanAbsoluteDeviation(S) =
1

W

W∑
j=0

|Sj − Sum(S)| (4.3)

medianAbsoluteDeviationi The median absolute deviation of the sam-

pled sensor values for sensor i across the slid-

ing window.

medianAbsoluteDeviation(S) =
1

W

W∑
j=0

|Sj −Median(S)| (4.4)

standardDeviationi The standard deviation of the sampled sensor

values for sensor i across the sliding window.

standardDeviation(S) =

√√√√ 1

W

W∑
j=0

(Sj − µ)2 (4.5)

Table 4.2: Features generated for each sensor.
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Feature Description

coefficientVariationi The coefficient variation of the sampled sen-

sor values for sensor i across the sliding win-

dow.

coefficientV ariation(S) =
StandardDeviation(S)

µ
(4.6)

zeroCrossingsi The number of zero crossings in the sampled

sensor values for sensor i across the sliding

window.

zeroCrossings(S) = |Sj < Median(S) < Sj+1|+ |Sj > Median(S) > Sj+1| (4.7)

percentile10i The value below the top 10% percent of the

sampled values for sensor i in the sliding win-

dow.

percentile25i The value below the top 25% percent of the

sampled values for sensor i in the sliding win-

dow.

percentile50i The value below the top 50% percent of the

sampled values for sensor i in the sliding win-

dow.

Table 4.2: Features generated for each sensor.
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Feature Description

percentile75i The value below the top 75% percent of the

sampled values for sensor i in the sliding win-

dow.

percentile80i The value below the top 80% percent of the

sampled values for sensor i in the sliding win-

dow.

squareSumOfLessThanPercentile10i The square sum of values that fall below the

top 10% of the sampled values for sensor i in

the sliding window.

squareSumOfLessThanPercentile10(S) =
∑
{S2

j |Sj < Percentile10(S)} (4.8)

squareSumOfLessThanPercentile25i The square sum of values that fall below the

top 25% of the sampled values for sensor i in

the sliding window.

squareSumOfLessThanPercentile25(S) =
∑
{S2

j |Sj < Percentile25(S)} (4.9)

squareSumOfLessThanPercentile50i The square sum of values that fall below the

top 50% of the sampled values for sensor i in

the sliding window.

Table 4.2: Features generated for each sensor.
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Feature Description

squareSumOfLessThanPercentile50(S) =
∑
{S2

j |Sj < Percentile50(S)}

(4.10)

squareSumOfLessThanPercentile75i The square sum of values that fall below the

top 75% of the sampled values for sensor i in

the sliding window.

squareSumOfLessThanPercentile75(S) =
∑
{S2

j |Sj < Percentile75(S)}

(4.11)

squareSumOfLessThanPercentile80i The square sum of values that fall below the

top 80% of the sampled values for sensor i in

the sliding window.

squareSumOfLessThanPercentile80(S) =
∑
{S2

j |Sj < Percentile80(S)}

(4.12)

interQuartileRangei The difference between the 25th and 75th

percentiles.

interquartileRange(S) = abs(Percentile75(S)− Percentile25(S)) (4.13)

Table 4.2: Features generated for each sensor.
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Feature Description

RatioiInBinj The sampled sensor values for sensor i are

split into j = 10 bins containing a linear

spread of values. The ratio of values in each

bin is then calculated and output as the fea-

ture values.

skewnessi The skewness of the sampled sensor values

for sensor i across the sliding window.

skewness(S) =
1
W

∑W
i=0(Si − µ)3

( 1
W

∑W
i=0(Si − µ)2)

3
2

(4.14)

kurtosisi The kurtosis of the sampled sensor values for

sensor i across the sliding window.

kurtosis(S) =
1
W

∑W
i=0(Si − µ)4

( 1
W

∑W
i=0(Si − µ)2)3

− 3 (4.15)

signalEnergyi The signal energy of the sampled sensor val-

ues for sensor i across the sliding window.

signalEnergy(S) =
W∑
i=0

S2
i (4.16)

logSignalEnergyi The log signal energy of the sampled sensor

values for sensor i across the sliding window.

Table 4.2: Features generated for each sensor.
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Feature Description

logSignalEnergy(S) =
1

W

W∑
i=0

log10(s
2
i ) (4.17)

signalPoweri The signal power of the sampled sensor val-

ues across for sensor i the sliding window.

signalPower(S) =
1

W

W∑
i=0

s2i (4.18)

diffMaxMini The difference between the max and min of

the sampled sensor values for sensor i across

the sliding window.

diffMinMax(S) = abs(Max(S)−Min(S)) (4.19)

avgTimeBetweenPeaksi The average time between peaks of the sam-

pled sensor values for sensor i across the slid-

ing window.

numberOfPeaksi The number of peaks of the sampled sensor

values for sensor i across the sliding window.

slopei The slope of the sampled sensor values for

sensor i across the entire sliding window.

Table 4.2: Features generated for each sensor.
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Feature Description

slopeOfSegmentjSensori The sampled sensor values for sensor i are

split into 10 segments, and then the slope of

each segment is calculated and output as the

feature values.

Table 4.2: Features generated for each sensor.

4.2 Random Forests for Activity Recognition

The challenge of activity recognition is to map sensor events to a label that indicates

the corresponding activity the individual is performing. There are activity recognition

challenges that are unique among machine learning problems. The sequential nature of

the input data, the ambiguous partitioning of data into activities, and the overlapping of

activity classes mean that additional data processing must be performed. As Figure 4.1

shows, the recognition steps include collecting and preprocessing sensor data, dividing it

into subsequences of manageable size, then extracting subsequence features. The final

feature vectors are either labeled by an expert to use as training data or are input to an

already-trained model to generate the corresponding activity label.

Let A = {a1, a2, · · · , aT} be the set of all modeled activities, where ai corresponds

to the ith activity class. A smart home generates raw sensor data in the form of time-
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Feature Description

activityEventCounta The number of events with activity a as the label in the

sliding window. Here S ′ is the current list of all sensor

events in the sliding window with length W .

activityEventCount(S ′, a) =
W∑
j=0


1 if S ′j is labeled with activity a

0 if S ′j is not labeled with activity a

(4.20)

activityEventElapsedTimea The number of seconds activity a occurs in the sliding

window.

actEvntElT ime(S ′, a) =
W−1∑
j=0


S ′j+1.epoch− S ′j.epoch if S ′j has a

0 otherwise

(4.21)

currentActivity The current observed activity.

Table 4.3: Activity features used in forecasting.
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Figure 4.1: Activity recognition includes stages of raw sensor data collection, data prepro-

cessing and segmentation, feature extraction, and supervised machine learning [86].
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stamped sensor readings or events, Λ = (λ1, λ2, · · · , λN), where event λi corresponds to a

sensor reading or sensor value generated at time ti. The data are preprocessed to handle

missing or noisy data, then, features x ∈ <d are extracted from the raw smart home sensor

data. Finally, a supervised machine-learning algorithm learns a mapping from the feature

vector X to an activity label.

This work builds upon work by the CASAS team to design algorithms that automat-

ically build activity models from sensor data using machine learning techniques [11,86–88].

Other groups have also explored a large number of approaches to supervised activity recog-

nition [13, 89–102]. These have been tested for a variety of sensor modalities, including

environment [86, 103–105], wearable [106–108], object [109, 110], smartphones [32, 111],

and video [112]. The learning methods can be broadly categorized into template, gen-

erative, discriminative, and ensemble approaches. Template matching techniques employ

a k-Nearest Neighbor (kNN) classifier with dynamic time warping to a varying window

size [113]. Generative approaches, such as naive Bayes classifiers, Markov models, and

dynamic Bayes networks, have yielded promising results for behavior modeling and of-

fline activity recognition when a large amount of labeled data is available [87, 114–117].

On the other hand, discriminative approaches that model the boundary between differ-

ent activity classes offer an effective alternative. These techniques include decision trees,

meta-classifiers based on boosting and bagging, support vector machines, and discrimina-

tive probabilistic graphical models such as conditional random fields [87, 117–132]. Other

approaches combine these underlying learning algorithms, including boosting and other

ensemble methods [133–136].
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The home automation approach described here builds on the activity recognition

algorithm called CASAS-AR [11] to label raw data with corresponding activity labels.

Using a random forest [137] with 100 trees and a minimum split value of 15, we assembled

a robust activity recognition algorithm. While many activity recognition algorithms have

been proposed, they are typically designed for constrained situations with pre-segmented

data, a single user, and no activity interruptions. Our activity recognition algorithm

extends this to consider the generalization of activity models over multiple smart homes.

In earlier work, a common vocabulary of sensor locations was defined to facilitate the

design of algorithms that recognize activities even in new environments with no training

data. Furthermore, the activity recognition algorithm provides real-time activity labeling

on streaming data. To label streaming data, the activity recognition algorithm extracts

features from a fixed-sized sliding window of sensor events, λi · · ·λj, and maps the feature

vector onto an activity label, indicating the activity that was performed at the time of the

last event in the window, or time tj.

In our early experiments, described in Chapter 7, we implemented a single decision

tree for classification. However, we discovered that a single decision tree was prone to

overfit and subsequently replaced this approach with a random forest. To provide a ro-

bust classification method that could address the overfitting problem that is associated

with high-dimensional data such as smart home data, we chose the Random Forest clas-

sifier [137]. A random forest is a voting ensemble of decision trees. We used 100 decision

trees, as Breiman identifies that value as the optimal number of trees [137].

Using the features built from the smart home data, explained in detail in Section 4.1,



67

we can train each of the 100 decision trees. Because the class distributions are heavily

skewed, we undersample majority classes with a goal of achieving a more uniform class

distribution. To accomplish this, we remove randomly-selected data points from majority

classes. The number of points that are removed a proportional the difference between the

majority class size and the mean class size. The result of this step is a data distribution

that has a close-to-uniform class distribution.

When creating each decision tree in the forest, a parameter N is used to specify the

number of data points that are modeled. Each decision tree randomly selects N samples

from the training data with replacement. The random selection of training data allows

for a data point to be represented multiple times in the training data for a single decision

tree, or not represented at all.

Given the size of our feature vector, F , each tree in the random forest will randomly

select log2(F ) + 1 features at each node and choose the best feature to split. The best

feature to split is the one that will provide the greatest information gain. Each node

also has a minimum number of samples required to create a splitting node. We utilized

two different values for this, minimumSplit = 15 for our activity recognition random

forest, and minimumSplit = 5 for our activity forecasting random forest. These values

were arrived at experimentally. In the case of activity forecasting, performance dropped

dramatically for values of minimumSplit greater than 5. Similarly, in the case of activity

recognition values below 15 for minimumSplit resulted in overfitting issues. Also, values

below 15 result in a reduced performance for smaller datasets. Once the random forest is

trained, it can classify a given sample utilizing voting from each of its trees to determine
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the dominant class and return that class value.

Utilizing the random forest described in Section 4.2, we can train our system to

label the current activity that is observed in a smart home. We read in the sensor events

and convert them to features as described in Section 4.1. We also read the labels on

the annotated data. These labels are the classes that we will train our random forest to

identify.

To train our activity recognition random forest, labels are provided for at least one

month of sensor data from each smart building location. Human annotators label the

sensor data in each dataset with corresponding activities based on interviews with the

residents, photographs of the home, and a floor plan highlighting the locations of sensors

in the space. Sensor events are labeled with the activity that was determined to be

occurring in the home at that time.

Sensor events that do not fit into one of the core activity classes are labeled as

Other Activity and provide context for the activity recognition as well as for the activity

forecaster. To maximize consistency of ground truth labels, multiple annotators look at

the datasets and disagreements between labels are resolved via discussion. The annotators

demonstrate inter-annotator agreement of K = 0.85 for our selected activities. Most of the

activity classes utilized in the activity recognition are drawn from the Psychology literature

describing Activities of Daily Living (ADLs) and Instrumental Activities of Daily Living

(iADLs) [138–143].

In addition to summarizing the results of our activity recognition on previous smart

home testbeds, activity recognition is also evaluated in detail on data collected in the navan
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smart home (described in Chapter 6). In the navan testbed, the activity recognition is

trained on 14 core activities. 1.5 months of navan data were annotated with human

annotators using these labels, shown in Table 7.5, to provide the ground truth dataset,

referred to as navan 2014. The activity recognition random forest was evaluated on this

set of activities using 3-fold partitioning validation with the human-annotated training

data. The results, summarized in Section 7.2.1, are consistent with earlier findings and

are important to observe because the strength of the home automation system relies on

the accuracy of the activity learning algorithms.

4.3 Activity Forecasting

While a reactive home automation system can use activity recognition to turn needed

devices on and unneeded devices off in real time, a proactive system can use activity

forecasting to forecast upcoming activities and provide automation in anticipation of these

activities.

Given the foundation of an activity recognition algorithm, the smart environment

can then perform activity forecasting. In the context of building automation, activity

forecasting consists of determining which activities will occur within the next 10 minutes.

Smart home-based activity forecasting is a new area in the field and has not been used be-

fore this for home automation. Preemptive automation is the goal of building automation

because the home can forecast activities rather than just react to them, thereby making

the home more efficient in its use of resources such as energy. Specifically, this approach
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allows the CARL building automation system to avoid turning off devices that are cur-

rently in use (as determined by activity recognition) or will soon be in use (determined by

activity forecasting).

While activity prediction is not as heavily investigated as these other areas of activity

learning, there are some representative first efforts in this area. Many of these techniques

focus on sequence prediction, which can be adapted to predict the label of the activity

that will occur next in the sequence. This work includes the Active LeZi algorithm [144]

which is used to predict the identifier of the sensor in a home that will generate the next

event. Other researchers including Hawkins et al. [145], Kitani et al. [146], and Koppula

and Saxena [147] have investigated the use of probabilistic graph models to predict next

events in video data.

In contrast with activity recognition, the activity forecasting problem is to determine

whether a particular activity will occur within the next time window (here, the size of

the time window is 10 minutes). Our activity forecasting problem is viewed as a binary

classification problem. As with activity recognition, the input consists of raw sensor events

that are converted into the features described in Section 4.1 using the sliding window and

creating a datapoint every 60 seconds. By training a random forest for each separate

activity the class becomes a true/false output, identifying if the given activity will occur

in the next 10 minutes. Throughout the remainder of the dissertation, we will refer to a

true case for a particular activity as a point in time when the activity forecaster predicts

the activity will occur within the next ten minutes. Similarly, we will refer to a false case

for an activity as time points when the forecaster predicts it will not occur within the
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next ten minutes. After parsing the training data and identifying the ground truth for

the classes, we then train the random forests to learn the mapping from the input feature

vector and current activity to a binary label where 0 indicates that the activity will not

occur in the next 10 minutes and 1 shows that the activity will occur. As with activity

recognition, we initially implemented activity forecasting with a single decision tree and

later replaced with the more robust random forest.

The activity forecasting problem is formulated and solved in the framework of im-

itation learning. In traditional imitation learning, the goal of the learner is to learn to

imitate the behavior of an expert performing a sequential decision-making task (such as

playing a game) in a way that generalizes to similar tasks or situations. Imitation learning

techniques have been applied to a variety of natural language processing and computer

vision prediction tasks [101, 148, 149]. For each time step, the activity forecasting algo-

rithm computes the feature vector and uses the activity label provided by the activity

recognition algorithm as the ground truth for the activity timings. If the algorithm can

learn a function that is consistent with these imitation examples, then the learned func-

tion will generalize and perform well on new instances [150, 151]. In the next chapter

we describe some unsupervised methods for labeling the data and how the unsupervised

methods might be used to replace the human annotated data.
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CHAPTER 5. UNSUPERVISED METHODS

Requiring human experts to label smart home data with activities to train models is

something we do not need. In this chapter, we propose two potential methods for labeling

smart home data in an unsupervised manner that could be utilized in home automation.

This work is centered on the idea of activity-aware home automation. For many, this

implies that predefined human activities are modeled and used to label sensor data for

activity-sensitive automation. The activity classes utilized for this typically draw from

the Psychology literature in which Activities of Daily Living (ADLs) and Instrumental

Activities of Daily Living (iADLs) are specified based on their critical role in human

health and functional independence. Here we propose to replace the use of predefined

activity categories with automatically-discovered activity classes. Utilizing automatically-

discovered activity classes offers two potential advantages for home automation. The first

is that activity classes can be detected, modeled, and labeled without the need for human

annotation. Second, the activity classes may be easier to recognize (if the method of

detecting activity classes utilizes the same set of features as activity recognition) and this

improved recognition accuracy can boost the automation performance.

Our approach to activity discovery builds on a rich history of research, including

methods for mining frequent sequences [152, 153], mining frequent patterns using regular

expressions [154], constraint-based mining [155], mining frequent temporal relationships

[156], and frequent periodic pattern mining [157]. More recent work extends these initial
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approaches to look for more complex patterns. Ruotsalainen et al. [158] design the Gais

genetic algorithm to detect interleaved patterns in an unsupervised learning fashion. Other

approaches have been proposed to mine discontinuous patterns [159–161] in different types

of sequence datasets and to allow variations in occurrences of the patterns [162]. Huỳnh

et al. [163] explored the use of topic models and LDAs to discovery daily activity patterns

in wearable sensor data.

Aspects of these earlier techniques are useful in analyzing sensor sequence data. In

addition to finding frequent sequences that allow for variation as some of these others do,

we also want for our purposes to identify sequences of sufficient length that may constitute

an activity of interest. We are interested in characterizing as much of the sensor data as

possible but want to minimize the number of distinct patterns to increase the chance of

identifying more abstract activity patterns. We describe our approach to meeting these

goals next.

5.1 Activity Detection

The first approach we consider for an unsupervised method is the CASAS Activity

Discovery (AD) algorithm [86]. The AD algorithm first looks at the entire sequence of sen-

sor events and identifies the pattern that best compresses the dataset. The AD algorithm

then runs another iteration where the previous best pattern is replaced by a symbol, shown

in Figure 5.1. It should be noted that new patterns can include AD generated symbols.

The AD algorithm will run this way for as many iterations as it has been instructed.
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Figure 5.1: An example of the Activity Discovery algorithm working on a data sequence.

P is defined on the first iteration, then on the second iteration P ′ is defined using P as

part of the sequence [86].

For our AD experiments, we set the number of iterations to be 15. We found this

to be a number that adequately captured the patterns inherent in the smart home data.

The resulting sequence pattern labels were used as the activity label on the smart home

data. As stated at the beginning of this chapter, the discovered activity classes can be

utilized for activity-based home automation instead of relying on human-defined activity

classes. In Chapter 7 we will evaluate the results of using these discovery methods in

activity learning and automation.

5.2 DBSCAN with Dynamic Time Warping

Our first discovery method built on a foundation of sequence discovery algorithms.

To contrast this approach with another traditional method, we next consider a second

unsupervised machine learning method using clustering based on DBSCAN (Density-Based
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Figure 5.2: An example of the DBSCAN algorithm in action. Points B and C are part of

the same cluster as A. N is too far from the given points to be part of the density region.

Spatial Clustering of Applications with Noise) [164]. DBSCAN is a clustering algorithm

that looks at the density of regions of points and groups regions of points with sufficiently

high density into clusters. As input, DBSCAN takes two values, ε and MinPts (in addition

to the dataset to cluster), shown in the pseudo code in Algorithms 1, 2, and 3. The

MinPts value is used to determine when to consider a group of points a cluster. When

there are MinPts data points that are each within ε distance of another in the same region,

DBSCAN considers those points to be a cluster. This process is visualized in Figure 5.2,

where A is part of the cluster, but N is too far away.

Based on preliminary experiments, we propose to utilize Dynamic Time Warping

(DTW) as the distance metric [165]. While DTW has previously been only useful for
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Algorithm 1 DBSCAN( D, ε, MinPts )

1: DBSCAN( D, ε, MinPts ):
2: Given: D is the dataset consisting of points P .
3: Given: ε is the minimum distance between adjacent points.
4: Given: MinPts is the minimum number of adjacent points required to create a cluster.
5: C = ∅
6: for each point P in dataset D:

7: if P is visited:
8: continue to next point

9: mark P as visited
10: NeighborP ts = regionQuery(P, ε) . See Algorithm 2
11: if sizeof(NeighborP ts) < MinPts:

12: mark P as NOISE
13: else:
14: C = next cluster
15: expandCluster(P,NeighborP ts, C, ε,MinPts) . See Algorithm 3

Algorithm 2 regionQuery( P , ε )

1: regionQuery( P , ε ):
2: Given: P is the point to search from.
3: Given: ε is the distance to search.
4: return all points within the ε-neighborhood of P , including P

Algorithm 3 expandCluster( P , NeighborP ts, C, ε, MinPts )

1: expandCluster( P , NeighborP ts, C, ε, MinPts ):
2: Given: P is the point to grow the cluster from.
3: Given: NeighborP ts is the set of points within the ε-neighborhood of P .
4: Given: C is the cluster to expand.
5: Given: ε is the distance to search.
6: Given: MinPts is theminimum number of adjacent points required to create a cluster.
7: Add P to cluster C
8: for each point P ′ in NeighborP ts:

9: if P ′ is not visited:
10: mark P ′ as visited
11: NeighborP ts′ = regionQuery(P ′, ε) . See Algorithm 2
12: if sizeof(NeighborP ts′) ≥MinPts:

13: NeighborP ts = NeighborP ts ∩NeighborP ts′

14: if P ′ is not yet member of any cluster:

15: add P ′ to cluster C
16: return all points within the ε-neighborhood of P , including P
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Figure 5.3: Two sequences, Q and C, are somewhat similar but shifted or phased out of

alignment. At its simplest, DTW is the measure of the warping matrix (in red) that allows

the two sequences to be compared for optimal similarity even if they are out of phase [179].

single-variate time series data [166–170], there is now work on applying DTW to multi-

variate time series [171–175]. Additionally, there has been other research investigating

clustering with DTW [176, 177]. Finally, DTW has a strong performance where patterns

are distorting the time axis in time series data, while Euclidean distance performance

degrades [178].

Dynamic Time Warping (DTW) measures a distance-like quantity between two given

sequences, which can be of different lengths. Given two sequences, s of length n and t of

length m, and a bounding window of size w, we can compute the DTW distance between s

and t. As shown in Algorithm 4, the function DTWDistance() first builds a 2-dimensional

array, DTW , that is of size n + 1 by m + 1. We then update w if the difference in size
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Algorithm 4 Dynamic Time Warping Algorithm

1: DTWDistance( s, t, w ):
2: Given: s is an array [1 . . . n]
3: Given: t is an array [1 . . .m]
4: Given: w is a window parameter, such that |n−m| ≤ w
5: DTW = array [[0 . . . n], [0 . . .m]]
6: w = max(w, abs(n−m))
7: for i = 0 to n:
8: for j = 0 to m:

DTW [i, j] =∞
9: DTW [0, 0] = 0

10: for i = 1 to n:
11: for j = max(1, i− w) to min(m, i + w):

12: cost = abs(s[i]− t[j])
13: DTW [i, j] = cost + min(DTW [i− 1, j], DTW [i, j − 1], DTW [i− 1, j − 1])

14: return DTW [n,m]

between the sequences is larger than the bounding window. The 2-dimensional array is

initialized, so each value is ∞. Then the starting point, DTW [0, 0], is set to 0. Moving

along the sequence, s, we inspect a range of sequence t, identified as max(1, i − w) to

min(m, i + w). This process is visualized by the red path in Figure 5.3. DTW then

considers the minimum of three operators that can be applied to one sequence to better

align it with the other: shrink, stretch, and delete. The cost to apply the operator is

calculated as the difference between values s[i] and t[j], then added to the value of the

chosen operator and stored in DTW [i, j]. We then update the DTW matrix by adding

the cost to the minimum of 3 previous values. When we are done stepping through the

sequences, we return the value found in DTW [n,m] as the distance calculated.

We created a new version of the DBSCAN algorithm that incorporates dynamic time

warping (DTW) [167] as the distance measure between points. Using a sliding window,

we stored events for the last 600 seconds and created a new datapoint every 240 seconds.
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Algorithm 5 DTW of Smart Home Data

1: Given: Array Input containing current events from sliding window.
2: Given: Array T
3: Given: T0 = 0
4: for i = 0 to len(Input):

5: if Inputi == “M001”:

6: Ti+1 = Ti + 3

7: else if Inputi == “M002”:

8: Ti+1 = Ti + 2

9: else if Inputi == “M003”:

10: Ti+1 = Ti + 1

11: else if Inputi == “M004”:

12: Ti+1 = Ti − 1

13: else if Inputi == “M005”:

14: Ti+1 = Ti − 2

15: else if Inputi == “M006”:

16: Ti+1 = Ti − 3

The window size is smaller than that used for forecasting as it is chosen to mitigate the

computation requirements of the algorithm. Algorithm 5 displays a simple example of how

we created our feature vectors for the DTW distance from the sliding window of sensor

events. Our algorithm was inspired by an algorithm for converting DNA to time series

data for clustering with DTW [179]. Each sensor is given a value such that the distribution

is evenly spread above and below 0. As we step over the sensor events in the window, the

sensor’s value is added (or subtracted if negative) from the previous value in the sequence

before being added to the sequence. Based on our parameter selection method for activity

forecasting, we chose five as the minimum number of points required to create a dense

region. That left us with the ε value for DBSCAN to explore. The results from the ε

exploration can be found in Chapter 7.
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In this chapter, we defined automated approaches to learning the activity classes

that will form the foundation for building automation. In the following chapters, we will

describe the algorithms that will form the building automation process itself.
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CHAPTER 6. SMART HOME AUTOMATION

The CASAS Activity-aware Resource Learning (CARL) automation system controls

all the devices in a smart building space using the smart building infrastructure described

in Chapter 3 and the activity learning elements described in Chapter 4. The first version of

CARL, CARLv1, automates only by turning off devices that are not needed for currently-

detected activities. The second version of CARL, CARLv2, enhances the first version by

adding activity occurrence forecasting and will not turn off devices that are associated with

upcoming activities as determined by activity forecasting. The third version of CARL,

CARLv3, builds upon the second version by additionally turning devices on that are

currently off and associated with forecasted activities.

6.1 CARLv1

The initial strategy of CARLv1 is to turn off all devices that are not needed in

support of the current set of activities. To do this, CARLv1 first identifies the given

activities and determines the devices that are utilized during those activities.

Determining the set of current activities presents a particular challenge when pro-

cessing data in real time. Segmentation algorithms can be used to mark the beginning

point and end point for any particular activity. However, these typically handle historical

data in offline mode. For real-time processing, a delay value is maintained for each activity
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Figure 6.1: A visualization of the data flow for CARLv1.

class and device. The delay value DelayAi
represents the amount of time that has elapsed

since a sensor event was observed that was labeled with activity label Ai. If the delay

value for a particular activity is within a threshold number of time units, then the activity

is considered current. The delay value DelayDj
represents the amount of time that has

elapsed since device Dj was observed changing state to ON. Each device Dj has an asso-

ciated DeviceThresholdj that is used to prevent the device from being turned off seconds

after the resident turned the device on, allowing new activities to be initiated before the

device is evaluated by CARLv1. Additionally, turning the device on with a double tap of

the light switch informs CARLv1 that the automatic decision to turn it off was incorrect

and DeviceThresholdj should be set to LongThreshold.

Next, for each activity Ai, the algorithm maintains a probability distribution over

devices whose status is ON. Devices with a sufficiently significant likelihood of being as-

sociated with Ai are left untouched when activity Ai is current. On the other hand, any
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device Dj whose status is not typically ON for any of the current activities is a candi-

date for CARLv1 to turn off if DelayDj
is greater than DeviceThresholdj. The CARLv1

activity-aware automation algorithm is summarized in Algorithm 6 and visualized in Fig-

ure 6.1.

A modification to the algorithm for the experiment was made after a short pilot

test with the resident. A guard statement was added to prevent CARL from turning off

lights in the bathroom while the bathroom door was closed. There are no windows in

the bathroom so unexpectedly turning off the light could present an unsafe situation and

raised safety concerns.

6.2 CARLv2

CARLv2 builds upon CARLv1 to also take into account activities that are forecast

to occur within the next 10 minutes, and avoid turning off any devices associated with

those activities. As a preliminary step, CARLv2 identifies the set of devices associated

with each activity a ∈ A; these should not be turned off if a is a current or upcoming

activity. Here, Da represents devices that are associated with activity a, where D is a

subset of the total set of devices, Da ⊆ D.

Assuming that the device sets have been constructed, CARLv2 then performs a

check for conditions to achieve device automation at every time step t. The goal is to

identify each device that is being used by a current or forthcoming activity, denoted as

CurrentDevices, and turn off every device, not in the set CurrentDevices. CARLv2
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Algorithm 6 CARLv1 Automation

1: Input: A is the set of known activity classes
2: Input: D is the set of available devices
3: LongThreshold = DelayThreshold ∗ 4
4: for j = 1 to |D| : . Set threshold for each device

5: DeviceThresholdj = DelayThreshold

6: t = 1
7: while observe new sensor event et :

8: CurrentActivities = ∅
9: CurrentDevices = ∅

10: At = AR(et, A) . Get activity label for sensor event
11: for i = 1 to |A| : . Update times for each activity

12: if Ai = At :

13: DelayAi = 0

14: else :
15: DelayAi = DelayAi + 1

16: for j = 1 to |D| : . Update times for each device

17: if et == Dj and State(Dj , ON) :

18: DelayDj = 0
19: if et == DoubleTapOn :

20: DeviceThresholdj = LongThreshold

21: else :
22: DeviceThresholdj = DelayThreshold

23: else :
24: DelayDj = DelayDj + ∆t

25: for i = 1 to |A|: . Get the set of current activities

26: if DelayAi < DelayThreshold :

27: Append(CurrentActivities, Ai)

28: for j = 1 to |D|: . Get set of current devices

29: if Dj ∈ Devices(CurrentActivities) :

30: Append(CurrentDevices, Dj)

31: for j = 1 to |D| : . Turn off not-needed devices

32: if State(Dj , ON) and Dj 6∈ CurrentDevices :

33: if DelayDj > DeviceThresholdj :

34: ChangeState(Dj , OFF)

35: t += 1
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Figure 6.2: A visualization of the data flow for CARLv2.

must, therefore, identify the current activities occurring at time t (CurrentActivities)

and those that will occur between t and t + 10 minutes (ForecastedActivities). The

CASAS-AR activity recognizer is used to determine which activities are current at time

t, or CurrentActivities. CARLv2’s GetForecasted function is used to determine which

activities will occur within the next 10 minutes (between time t and time t + 10 minutes,

or ForecastedActivities).

Finally, a command is sent to turn off the device. In some cases, the smart home

resident may want the device to remain on after CARLv2 decided it is not needed. User

buttons are installed around the home. A double tap on the button indicates that the

user is overriding CARLv2 to turn a device back on, as well as setting the delay to

LongThreshold. A delay is imposed on the corresponding device called DelayThreshold,

during which CARLv2 will not turn off the device. For the experiments, DelayThreshold

is set to five minutes, and LongThreshold is set to twenty minutes. A summary of the
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CARLv2 operations is given in Algorithm 7 and visualized in Figure 6.2.

6.3 CARLv3

As CARLv2 built upon CARLv1, so CARLv3 builds upon CARLv2. The third

version of CARL, CARLv3, adds the behavior of turning devices on that are associated

with a forecasted activity.

As an initial step, CARLv3 identifies the set of devices associated with each activity

a ∈ A. The set Da represents devices that are associated with activity a, and is a subset

of the complete set of devices, Da ⊆ D. These devices, Da, will be turned ON and OFF

by CARLv3.

Now that the initial setup is complete, CARLv3 will start listening for sensor events.

For each new sensor event, CARLv3 will use activity recognition and activity forecasting

to identify the current activity, At, and the set of forecasted activities, ForecastActivities.

CARLv3 now updates the DelayAi
values for each activity, DelayDj

values for each device,

and the current state of each device. For the set of activities A, if any activity a has

been observed more recently than the DelayThreshold, then activity a is added to the

set CurrentActivities. If activity a is in the set ForecastActivities, then activity a is

also added to the set CurrentActivities. Next, for the set of devices D, if any device

d has an associated activity a that is in CurrentActivities, then d is added to the set

CurrentDevices. Additionally, for the set of devices D, if any device d has an associated

activity a that is in ForecastActivities, then d is added to the set ForecastDevices.
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Algorithm 7 CARLv2 Automation

1: Input: A is the set of known activity classes
2: Input: D is the set of available devices
3: LongThreshold = DelayThreshold ∗ 4
4: for j = 1 to |D| : . Set threshold for each device

5: DeviceThresholdj = DelayThreshold

6: t = 1
7: while observe new sensor event et :

8: CurrentActivities = ∅
9: ForecastedActivities = ∅

10: CurrentDevices = ∅
11: At = CASAS-AR(et, A) . Get activity label for sensor event

(described in Section 4.2)

12: ForecastedActivities = GetForecasted(et, A) . Get set of activity forecasts

(described in Section 4.3)

13: for i = 1 to |A| : . Update times for each activity

14: if Ai = At :

15: DelayAi = 0

16: else :
17: DelayAi = DelayAi + 1

18: for j = 1 to |D| : . Update times for each device

19: if et == Dj and State(Dj , ON) :

20: DelayDj = 0
21: if et == DoubleTapOn :

22: DeviceThresholdj = LongThreshold

23: else :
24: DeviceThresholdj = DelayThreshold

25: else :
26: DelayDj = DelayDj + ∆t

27: for i = 1 to |A|: . Get the set of current activities

28: if DelayAi < DelayThreshold or Ai ∈ ForecastedActivities :

29: Append(CurrentActivities, Ai)

30: for j = 1 to |D|: . Get set of current devices

31: if Dj ∈ Devices(CurrentActivities) :

32: Append(CurrentDevices, Dj)

33: for j = 1 to |D| : . Turn off not-needed devices

34: if State(Dj , ON) and Dj 6∈ CurrentDevices :

35: if DelayDj > DeviceThresholdj :

36: ChangeState(Dj , OFF)

37: t += 1
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Figure 6.3: A visualization of the data flow for CARLv3.

Finally, CARLv3 iterates through each device d in the set of devices D. If d is ON,

device d is not in the set CurrentDevices or the set ForecastDevices, and the delay

value for device d is greater than the device delay threshold, then CARLv3 sends the

command to turn device d OFF at the next time step t + 1. If d is OFF, and d is in

the set ForecastDevices, then CARLv3 sends the command to turn device d ON at the

next time step t+ 1. A summary of this CARLv3 behavior is outlined in Algorithm 8 and

visualized in Figure 6.3.

There are a couple of timeout values associated with turning devices ON and OFF in

CARLv3 to prevent devices from being turned on and off rapidly, creating random jitter.

After CARLv3 sends a command to change the state of a device, it can not send another

command to that device for 5 minutes. If a resident provides a double tap correction, then

CARLv3 must wait 20 minutes before it can send new commands to that device.

An experiment with CARLv3 was performed in a live smart home environment right
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after the experiment for CARLv2. One anecdotal response from the experiment subject

was that they could not provide the double tap correction to CARLv3 while they were away

from home or asleep. This early experiment of CARLv3 did not utilize the random forest

activity recognition and activity forecasting and was prone to a sort of feedback loop where

CARLv3 would cause states in the environment that the resident had never created before

(the state of lights being on and off). These errors were influenced by overfitting which

was addressed by utilizing the random forest activity recognition and activity forecasting.

In the next chapter, we explore how the performance of activity recognition and activity

forecasting can influence the resulting performance of the different versions of CARL.
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Algorithm 8 CARLv3 Automation

1: Input: A is the set of known activity classes, D is the set of available devices
2: LongThreshold = DelayThreshold ∗ 4
3: for j = 1 to |D| : . Set threshold for each device

4: DeviceThresholdj = DelayThreshold

5: t = 1
6: while observe new sensor event et :

7: CurrentActivities = ForecastActivities = ∅
8: CurrentDevices = ForecastDevices = ∅
9: At = CASAS-AR(et, A) . Get activity label for sensor event

10: ForecastActivities = GetForecasted(et, A) . Get set of forecast activities
11: for i = 1 to |A| : . Update times for each activity

12: if Ai = At :

13: DelayAi = 0

14: else :
15: DelayAi = DelayAi + 1

16: for j = 1 to |D| : . Update times for each device

17: if et == Dj and State(Dj , ON) :

18: DelayDj = 0
19: if et == DoubleTapOn :

20: DeviceThresholdj = LongThreshold

21: else :
22: DeviceThresholdj = DelayThreshold

23: else :
24: DelayDj = DelayDj + ∆t

25: for i = 1 to |A|: . Get the set of current activities

26: if DelayAi < DelayThreshold or Ai ∈ ForecastActivities :

27: Append(CurrentActivities, Ai)

28: for j = 1 to |D|: . Get set of current and forecast devices

29: if Dj ∈ Devices(CurrentActivities) :

30: Append(CurrentDevices, Dj)

31: if Dj ∈ Devices(ForecastActivities) :

32: Append(ForecastDevices, Dj)

33: for j = 1 to |D| : . Turn off not-needed and on needed devices

34: if State(Dj , ON) and Dj 6∈ CurrentDevices and Dj 6∈ ForecastDevices :

35: if DelayDj > DeviceThresholdj :

36: ChangeState(Dj , OFF)

37: else if State(Dj , OFF ) and Dj ∈ ForecastDevices :

38: ChangeState(Dj , ON)

39: t += 1
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CHAPTER 7. EXPERIMENTAL RESULTS

In this chapter, we present and discuss results from experiments on activity-aware

home automation. There are several evaluation steps we perform below. Because activity-

aware automation relies on robust activity awareness, we first evaluate the ability of our

algorithms to perform activity learning. We evaluate activity recognition for our smart

home testbeds both using predefined activities and automatically-discovered activities.

Similarly, we assess activity forecasting performance on these datasets. Building on the

activity learning foundation, we then evaluate the performance of CARL’s activity-aware

automation algorithms on the smart home datasets. To begin the discussion, we start with

an overview of the datasets that were created and used in these evaluations.

7.1 Datasets

The experiments utilized several datasets from the navan testbed and others from

the CASAS hh101 through hh129 testbeds. Details of these datasets can be found in

Tables 7.1 and 7.2.

As we discussed in Chapter 5, an alternative to utilizing predefined activity labels

for smart home datasets is to discover activity classes automatically. The first dataset

we introduce is navan week, which will be used to illustrate the techniques described in

Chapter 5. The navan week dataset contains one week of navan sensor data with human-
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Dataset Description

navan week A week of annotated data from the navan testbed.

navan week.DTW The navan week dataset run through the DBSCAN-DTW clus-

tering algorithm with ε = 75.

navan 2012 5 months of annotated data from the navan testbed. navan week

is contained within this dataset.

navan 2012.AD The navan 2012 dataset run through the Activity Discovery al-

gorithm.

navan 2014 1.5 months of annotated data from the navan testbed.

navan 2014.AD The navan 2014 dataset run through the Activity Discovery al-

gorithm.

navan 2014.DTW The navan 2014 dataset run through the DBSCAN-DTW clus-

tering algorithm with ε = 75.

Table 7.1: Datasets from navan utilized in experiments and their descriptions. See Sec-

tion 3.2 for details on the navan testbed.

Dataset Description

hh101 * 2 months of annotated data.

hh101.AD* The hh101 dataset with activity labels generated by the Activity Dis-

covery algorithm.

Table 7.2: HH datasets utilized in experiments and their descriptions.

(* identifies testbeds only utilized in activity recognition and activity forecasting experiments)
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Dataset Description

hh102 2 months of annotated data.

hh102.AD The hh102 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh103 2 months of annotated data.

hh103.AD The hh103 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh104 2 months of annotated data.

hh104.AD The hh104 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh105 2 months of annotated data.

hh105.AD The hh105 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh106 2 months of annotated data.

hh106.AD The hh106 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh107 * 1 month of annotated data, with 2 residents.

hh107.AD* The hh107 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh108 2 months of annotated data.

Table 7.2: HH datasets utilized in experiments and their descriptions.

(* identifies testbeds only utilized in activity recognition and activity forecasting experiments)
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Dataset Description

hh108.AD The hh108 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh109 2 months of annotated data.

hh109.AD The hh109 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh111 2 months of annotated data.

hh111.AD The hh111 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh112 3.5 months of annotated data.

hh112.AD The hh112 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh113 15.5 months of annotated data.

hh113.AD The hh113 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh114 1 month of annotated data.

hh114.AD The hh114 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh115 10 months of annotated data.

Table 7.2: HH datasets utilized in experiments and their descriptions.

(* identifies testbeds only utilized in activity recognition and activity forecasting experiments)
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Dataset Description

hh115.AD The hh115 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh116 2 months of annotated data.

hh116.AD The hh116 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh117 11 months of annotated data.

hh117.AD The hh117 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh118 1 month of annotated data.

hh118.AD The hh118 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh119 1 month of annotated data.

hh119.AD The hh119 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh120 2 months of annotated data.

hh120.AD The hh120 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh122 * 1 month of annotated data.

Table 7.2: HH datasets utilized in experiments and their descriptions.

(* identifies testbeds only utilized in activity recognition and activity forecasting experiments)
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Dataset Description

hh122.AD* The hh122 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh123 * 1 month of annotated data.

hh123.AD* The hh123 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh125 * 2 months of annotated data.

hh125.AD* The hh125 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh126 * 1 month of annotated data.

hh126.AD* The hh126 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh127 * 1 month of annotated data.

hh127.AD* The hh127 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh128 * 2 months of annotated data.

hh128.AD* The hh128 dataset with activity labels generated by the Activity Dis-

covery algorithm.

hh129 * 1 month of annotated data.

Table 7.2: HH datasets utilized in experiments and their descriptions.

(* identifies testbeds only utilized in activity recognition and activity forecasting experiments)
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Dataset Description

hh129.AD* The hh129 dataset with activity labels generated by the Activity Dis-

covery algorithm.

Table 7.2: HH datasets utilized in experiments and their descriptions.

(* identifies testbeds only utilized in activity recognition and activity forecasting experiments)

defined activity labels. The navan week.DTW dataset contains the same sensor data but

with pattern-based activity labels as discovered by DTW-based clustering. As we described

in Chapter 5, we experimented with different values of the ε parameter and found that a

value of 75 yielded optimal results. Thus the dataset is labeled with the discovered patterns

using this value. Details of navan week and navan week.DTW can be found in Tables 7.3

and 7.4. Activity recognition results from these two datasets are presented in Tables 7.15

and 7.17. As can be observed from these tables, activity recognition performs similarly

for human-defined labels and automatically-discovered labels. This result indicates that

automatically-discovered activity classes can be modeled and recognized in a manner very

similar to regular activities of daily living (ADLs) classes.

Table 7.1 details additional datasets as well that are used in this chapter. The

navan 2012 dataset contains five months of navan data from the year 2012, annotated

with ADL classes that will be used to evaluate activity recognition, activity forecasting,

and CARL-based home automation. The navan week dataset is a subset of this dataset.

The navan 2012.AD dataset contains the sensor data from navan 2012 but is annotated
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with AD-based activity labels. The navan 2014 dataset contains 1.5 months of navan

data from the year 2014. This portion of navan data is handled separately because while

the residence is the same for the 2012 and 2014 datasets, there are differences in the

sensors installed in the space. As a result, navan 2014 contains sensor data from 2014

with human-defined activity labels, navan 2014.AD includes the 2014 sensor data with

AD-defined activity labels, and we also include navan 2014.DTW as DTW-based cluster

discovery of activity labels.

The remaining datasets in Table 7.2 refer to the HH testbeds. For each HH testbed,

we include the sensor data with human-defined activity labels (the dataset name for HH

testbed xyz is hhxyz) as well as the sensor data with Activity Detection-defined activity

labels (notated hhxyz.AD). As stated in Section 3.3, some of the HH testbeds do not have

monitored light switch devices. This group of HH testbeds is identified in Table 7.2 with

*.

Table 7.3 displays the number of sensor events for each activity class for the na-

van week dataset. We note that it shares a similar event count distribution with the

clusters in the navan week.DTW dataset, shown in Table 7.4. The similarity between

the activity labels allows for a straightforward comparison of the two activity recognition

confusion matrices, found in Tables 7.15 and 7.17.

Looking at the activity class distributions for navan 2014, navan 2014.AD, and na-

van 2014.DTW, found in Tables 7.5, 7.6, and 7.7 respectively, we observe a more diverse

set of class sizes and distributions than in navan week and navan week.DTW. The higher

number of activity classes in navan 2014.DTW could potentially benefit the overall fore-
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Activity # Sensor Events

Bathe 1,905

Bed Toilet Transition 480

Cook 3,598

Drink 4,730

Eat 846

Enter Home 146

Leave Home 232

Other Activity 82,485

Relax 4,236

Sleep 124,679

Toilet 3,607

Wash Dishes 2,692

Watch TV 77,989

Water Plants 2,408

Work On Computer 40,535

Table 7.3: navan week activity classes.
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Activity # Sensor Events

0 107,601

1 31,144

2 122,234

3 481

4 28,513

5 5,282

6 50,390

7 2,534

8 794

9 226

10 842

11 207

12 185

13 8

14 127

Table 7.4: navan week.DTW activity classes.
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Activity # Sensor Events

Bathe 20,801

Bed Toilet Transition 6,322

Cook 22,374

Drink 6,776

Eat 16,088

Enter Home 1,171

Leave Home 2,307

Other Activity 706,958

Relax 4,517

Sleep 668,851

Toilet 53,091

Wash Dishes 204

Watch TV 372,434

Work On Computer 242,126

Table 7.5: navan 2014 activity classes.
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Activity # Sensor Events

Other Activity 228,491

Pat 0 1,584,935

Pat 4 64,545

Pat 5 37,459

Pat 7 42,370

Pat 9 84,354

Pat 10 58,477

Pat 12 23,389

Table 7.6: navan 2014.AD activity classes.
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Activity # Sensor Events

0 1,056,545
1 131,889
2 8,718
3 602,160
4 6,958
5 885
6 1,463
7 2,810
8 986
9 6,802
10 4,387
11 682
12 44,354
13 5,409
14 135,637
15 35,517
16 3,758
17 529
18 16,562
19 1,013
20 1,058
21 1,264
22 269
23 5,729
24 597
25 469
26 986
27 11,148
28 21,796
29 481
30 229
31 789
32 180
33 9,723
34 2,238

Table 7.7: navan 2014.DTW activity classes.
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casting performance, which would improve the performance of CARLv2 and CARLv3.

7.2 Activity Recognition

Using datasets summarized in Tables 7.1 and 7.2, we evaluate the ability of the

activity recognition algorithm to model and recognize activities as defined by humans or

activity discovery algorithms.

7.2.1 Activities of Daily Living

Utilizing a 3-fold partitioning validation, the results from the navan 2014 dataset

with activity recognition can be seen in Table 7.10. Looking at the confusion matrix, it is

apparent that Other Activity was often confused with the other activities. This confusion

is because Other Activity occurs right before and right after the labeled activity classes,

and in the same spaces. The accuracy of activity recognition on this dataset is 93.893. This

accuracy is relatively high and much greater than random choice, which for 14 activities

would yield an accuracy of 7.143. Overall, this is a good foundation on which to build the

CARL algorithms.
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Activity # Sensor Events

Bathe 55,649

Bed Toilet Transition 8,848

Cook 11,757

Drink 18,144

Eat 3,210

Enter Home 5,570

Entertain Guests 2,726

Leave Home 1,954,226

Other Activity 1,162,217

Relax 7,565

Sleep 2,141,340

Toilet 134,132

Watch TV 1,400,127

Water Plants 21,217

Work On Computer 523,189

Table 7.8: navan 2012 activity classes.
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Activity # Sensor Events

Other Activity 3,127,576

Pat 0 1,667,417

Pat 1 398,402

Pat 2 824,217

Pat 3 1,079,538

Pat 8 227,780

Pat 11 59,830

Pat 14 65,357

Table 7.9: navan 2012.AD activity classes.
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7.2.2 Activity Detection

Using the navan 2014.AD dataset, which had been labeled using the Activity De-

tection algorithm, we evaluated the ability to perform activity recognition for these labels.

Results of activity recognition using 3-fold cross validation are summarized in the confu-

sion matrix found in Table 7.12. This method did not perform as well as the annotated

ADLs. The errors in the activity recognition may be reflected in the observed performance

of the CARL smart environment automation algorithms.

7.2.3 DBSCAN with DTW

Table 7.14 lists the results from using 3-fold partitioning to test our activity learning

random forest, as well as the class breakdowns for each ε value. The “AR Play-full”

column of Table 7.14 lists the accuracy of AR when the labels from heartbeats and non-

entity sensors are included, allowing for a better indication of how AR would perform over

time (giving time correct more weight in the final score). The last two columns display

the percentage of the data that was not in a cluster (similar to the Other Activity label

in the annotated data) and the size of the largest cluster. In the source data file, Sleep

was the biggest class, making up 35.57% of the data. Taking these into account, we find

a “sweet spot” in the ε range between 65 and 110, where there is not too much lost to the

Other Activity, but also has a distribution of events outside of those two classes. They

also have minimal loss in accuracy when comparing the AR 3-fold results with the AR
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.96968 0.0001288 0.99987 0.98466 0.98984 0.96968

Bed Toilet Transition 0.87465 0.00033181 0.99967 0.93507 0.94993 0.87465

Cook 0.99783 0.0006915 0.99931 0.99857 0.98105 0.99783

Drink 0.88609 0.0013972 0.9986 0.94066 0.87914 0.88609

Eat 0.98894 0.00033004 0.99967 0.99429 0.98335 0.98894

Enter Home 0.45286 2.8952e-05 0.99997 0.67294 0.967 0.45286

Leave Home 0.52681 2.0284e-05 0.99998 0.72581 0.98622 0.52681

Other Activity 0.9804 0.10665 0.89335 0.93586 0.92325 0.9804

Relax 0.9396 2.3148e-05 0.99998 0.96932 0.98131 0.9396

Sleep 0.99159 0.0020271 0.99797 0.99478 0.96196 0.99159

Toilet 0.6019 0.0013254 0.99867 0.77531 0.95307 0.6019

Wash Dishes 0.98261 1.7345e-05 0.99998 0.99126 0.94958 0.98261

Watch TV 0.81391 0.0035793 0.99642 0.90055 0.96312 0.81391

Work On Computer 0.94505 0.0065025 0.9935 0.96897 0.96152 0.94505

Table 7.11: navan 2014 activity recognition accuracies.
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0 1 2 3 4 5 6 7 ←guessed

101311 0 754 41 11848 2597 11421 3217 0 = Other Activity

7 0 0 0 0 2 4 1 1 = Pat 0

4237 0 4035 0 24125 38 8 7 2 = Pat 10

11402 0 0 116 0 0 2 2 3 = Pat 12

4472 0 1514 0 58409 97 2 16 4 = Pat 4

16263 0 1 0 425 12769 139 5918 5 = Pat 5

8539 0 0 0 16 81 32029 2 6 = Pat 7

13811 0 0 0 266 2634 88 13379 7 = Pat 9

Table 7.12: Results for navan 2014.AD activity recognition, with an accuracy of 64.167.

Play-full results. The result and confusion matrix from performing activity recognition on

dataset navan week can be found in Table 7.15. After applying DBSCAN to navan week,

we ran activity recognition on the resulting dataset with cluster labels and the resulting

confusion matrix can be found in Table 7.17.

To test DBSCAN for activity discovery, we used the navan data. Because of the

computational expense of the clustering algorithm, we utilized the navan 2014 dataset

instead of the much larger navan 2012 dataset. The algorithm generated 34 clusters, and

the corresponding results for activity recognition are summarized in Table 7.20. The full

list of forecasting confusion matrices can be found in Appendix J.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.77225 0.27335 0.72665 0.7491 0.63303 0.77225

Pat 0 0 0 1 0 - 0

Pat 10 0.12435 0.0072354 0.99276 0.35135 0.64007 0.12435

Pat 12 0.010068 0.00012256 0.99988 0.10033 0.73885 0.010068

Pat 4 0.90543 0.13029 0.86971 0.88739 0.61426 0.90543

Pat 5 0.35954 0.017547 0.98245 0.59433 0.7009 0.35954

Pat 7 0.78759 0.038195 0.9618 0.87035 0.73305 0.78759

Pat 9 0.44334 0.029009 0.97099 0.65611 0.59351 0.44334

Table 7.13: navan 2014.AD activity recognition accuracies.
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ε Clusters AR 3-fold AR Play AR Play-full % Other Domin. Class

ADLs ADLs 92.52 91.10 92.82 23.53 35.57

1 45 93.41 94.46 57.81 46.64 15.66
2 46 93.51 94.38 58.15 46.53 15.66
3 46 93.56 94.69 58.39 46.24 15.66
4 46 93.23 94.55 58.19 45.80 15.66
5 47 93.02 94.34 58.00 45.68 15.66
6 45 92.88 94.46 58.01 45.52 15.66
7 29 95.23 96.11 76.53 45.02 32.64
8 16 95.92 96.60 78.02 44.07 32.64
10 19 95.25 96.18 77.99 43.59 32.66
12 20 95.38 96.11 77.55 43.27 32.68
15 19 94.96 96.06 77.04 42.43 32.70
18 18 95.04 96.20 77.30 42.09 32.72
20 19 95.00 96.19 77.18 41.53 32.89
25 12 96.28 97.04 79.51 40.52 32.94
30 9 97.12 97.22 78.92 39.44 32.98
35 11 96.78 96.84 79.17 38.57 33.02
40 13 96.82 96.96 79.21 37.30 33.12
45 11 96.96 97.13 79.19 36.78 33.15
50 9 97.74 97.50 79.21 36.04 33.24
55 9 97.76 97.82 79.75 35.81 33.34
60 10 97.73 97.75 80.17 35.55 33.42
65 11 93.85 94.35 88.83 31.26 34.71
70 13 93.95 94.32 88.75 31.04 34.72
75 14 93.89 93.93 88.44 30.69 34.87
80 11 94.07 94.53 88.80 30.42 35.51
85 10 94.19 94.38 88.74 30.22 35.58
90 10 94.15 94.36 88.48 29.99 35.70
95 10 94.09 94.57 88.99 29.83 35.76
100 10 94.11 94.38 88.61 29.59 35.82
110 10 94.10 94.19 88.66 29.02 36.02
120 10 97.69 97.51 79.93 32.13 35.24
130 8 97.70 97.56 80.89 31.66 52.67
140 7 98.08 97.73 80.97 31.42 52.94
150 7 97.95 97.75 80.98 30.82 53.55
160 6 98.10 97.61 80.99 30.46 53.86
170 5 98.11 97.70 81.09 29.92 67.68
180 6 97.93 97.54 80.82 29.32 68.13
190 7 98.19 97.66 81.32 28.48 69.86
200 8 98.07 97.41 81.23 27.84 70.35

Table 7.14: Different cluster results for DBSCAN on a week of navan data.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.90972 8.9249e-05 0.99991 0.95375 0.98868 0.90972

Bed Toilet Transition 0.82822 0.00011856 0.99988 0.91001 0.97122 0.82822

Cook 0.99685 0.0027886 0.99721 0.99703 0.93289 0.99685

Drink 0.84478 0.0041693 0.99583 0.9172 0.93485 0.84478

Eat 0.12 0 1 0.34641 1 0.12

Enter Home 0 0 1 0 - 0

Leave Home 0.42857 0.00035528 0.99964 0.65454 0.81818 0.42857

Other Activity 0.94999 0.053232 0.94677 0.94838 0.88417 0.94999

Relax 0.8494 2.9642e-05 0.99997 0.92161 0.99296 0.8494

Sleep 0.94792 0.0018638 0.99814 0.97271 0.96429 0.94792

Toilet 0.32658 0.00051417 0.99949 0.57132 0.94158 0.32658

Wash Dishes 1 0.00042538 0.99957 0.99979 0.98606 1

Watch TV 0.95559 0.026129 0.97387 0.96469 0.92435 0.95559

Water Plants 0.98665 0.00090901 0.99909 0.99285 0.96728 0.98665

Work On Computer 0.94583 0.0088798 0.99112 0.96821 0.96139 0.94583

Table 7.16: navan week activity recognition accuracies.
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The navan 2014.DTW dataset has a very low error rate compared to the error

rate of the navan 2014.AD dataset. With this dataset, class ‘0’ is considered noise and

approximately equivalent to Other Activity. A similar classification error pattern can be

seen between ‘0’ and the other classes as was observed between Other Activity and the

other ADL classes in the confusion matrix, found in Table 7.20.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

0 0.93342 0.046862 0.95314 0.94323 0.95303 0.93342

1 0.91688 0.0087848 0.99122 0.95332 0.93042 0.91688

10 0.59184 0 1 0.76931 1 0.59184

11 0 0 1 0 - 0

12 0.69388 0 1 0.83299 1 0.69388

13 0 0 1 0 - 0

14 0 0 1 0 - 0

2 0.99121 0.011231 0.98877 0.98999 0.92159 0.99121

3 1 0.0001182 0.99988 0.99994 0.93846 1

4 0.92 0.010382 0.98962 0.95417 0.93174 0.92

5 0.92741 0.0016553 0.99834 0.96222 0.91924 0.92741

6 0.99843 0.0097656 0.99023 0.99432 0.91372 0.99843

7 0.79268 0.00050634 0.99949 0.8901 0.93863 0.79268

8 0 0 1 0 - 0

9 0.7381 0.00014767 0.99985 0.85906 0.86111 0.7381

Table 7.18: navan week.DTW activity recognition accuracies.
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Activity TPR for True True % Events

Bathe 0.76991 1.0671%

Bed Toilet Transition 0.22059 0.6422%

Cook 0.68889 1.6999%

Drink 0.80456 7.8761%

Eat 0.72727 0.5194%

Enter Home 0.54032 1.1710%

Leave Home 0.58915 1.2182%

Other Activity 0.97027 37.4820%

Relax 0.92727 1.5582%

Sleep 0.99791 40.7590%

Toilet 0.62981 7.6022%

Wash Dishes 0.79487 0.7366%

Watch TV 0.99345 25.9330%

Water Plants 0.77966 1.1144%

Work On Computer 0.95170 14.4680%

Table 7.19: TPR for navan week forecasting of activities for the true case.
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7.3 Activity Forecasting

Using datasets summarized in Tables 7.1 and 7.2, we evaluate the ability of the ac-

tivity forecasting algorithm to accurately identify when activities will occur in the next

10 minutes. We look at and compare the performance of human-generated activity la-

bels, labels generated by the activity discovery algorithm, and clusters identified by our

DBSCAN-DTW algorithm. The tables presented here are summaries of the resulting

performance. A select number of the confusion matrices are located in Appendix D

7.3.1 Activities of Daily Living

Table 7.22 shows the number of datapoints for the true case and false case for each

activity. Table 7.23 shows the true positive rate for classifying the true case of each

activity, as well as g-mean, specificity, precision, and recall. Bed Toilet Transition has

a similar class distribution to Eat, but the forecasting TPR value is much lower. This

TPR value is because the activity Bed Toilet Transition often happens in the middle of

the night without much warning that the random forest can identify. The activity Eat is

much easier to determine as there are signs, such as the activity Cook or getting food from

the kitchen that the random forest can utilize for informing the classification.

Table 7.24 shows the number of datapoints for the true case and false case for each

activity. Table 7.25 shows the true positive rate for classifying the true case of each

activity. As with the navan week dataset, the navan 2014 dataset had issues with the
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

0 0.99424 0.051998 0.948 0.97084 0.99001 0.99424
1 0.93365 0.001437 0.99856 0.96556 0.97313 0.93365
10 0.98851 9.8526e-05 0.9999 0.99419 0.96531 0.98851
11 0 0 1 0 - 0
12 0.92243 0.00034237 0.99966 0.96027 0.98291 0.92243
13 0.99056 8.1438e-05 0.99992 0.99523 0.98746 0.99056
14 0.95605 9.6077e-05 0.9999 0.97773 0.98675 0.95605
15 0.9258 0 1 0.96218 1 0.9258
16 0.87224 2.0252e-05 0.99998 0.93393 0.98066 0.87224
17 0 0 1 0 - 0
18 0.84607 5.5184e-05 0.99994 0.91979 0.98727 0.84607
19 0.8642 0 1 0.92962 1 0.8642
2 0.74627 0 1 0.86387 1 0.74627
20 0.76048 1.7356e-05 0.99998 0.87205 0.97692 0.76048
21 0.88517 5.2048e-05 0.99995 0.94081 0.91133 0.88517
22 0 0 1 0 - 0
23 0.86316 0 1 0.92906 1 0.86316
24 0.94521 0 1 0.97222 1 0.94521
25 0 0 1 0 - 0
26 0 0 1 0 - 0
27 0.85714 0 1 0.92582 1 0.85714
28 0.77297 5.7827e-06 0.99999 0.87919 0.98621 0.77297
29 0.84375 0 1 0.91856 1 0.84375
3 0.98592 0.0035136 0.99649 0.99119 0.93562 0.98592
30 0 0 1 0 - 0
31 0.97541 0 1 0.98763 1 0.97541
32 1 0 1 1 1 1
33 0 0 1 0 - 0
34 0.7907 0 1 0.88921 1 0.7907
4 0.92893 7.254e-05 0.99993 0.96377 0.98123 0.92893
5 0.85774 0 1 0.92614 1 0.85774
6 0.97338 2.8942e-05 0.99997 0.98659 0.98084 0.97338
7 0 0 1 0 - 0
8 0.88163 1.7351e-05 0.99998 0.93894 0.97297 0.88163
9 0.82971 1.1585e-05 0.99999 0.91088 0.99387 0.82971

Table 7.21: navan 2014.DTW activity recognition accuracies.
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Activity # True Events # False Events

Bathe 113 10476

Bed Toilet Transition 68 10521

Cook 180 10409

Drink 834 9755

Eat 55 10534

Enter Home 124 10465

Leave Home 129 10460

Other Activity 3969 6620

Relax 165 10424

Sleep 4316 6273

Toilet 805 9784

Wash Dishes 78 10511

Watch TV 2746 7843

Water Plants 118 10471

Work On Computer 1532 9057

Table 7.22: navan week forecast classes.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 1 0.23009 0.76991 0.87745 0.99752 1

Bathe-True 0.76991 0 1 0.87745 1 0.76991

Bed Toilet Transition-False 1 0.77941 0.22059 0.46967 0.99499 1

Bed Toilet Transition-True 0.22059 0 1 0.46967 1 0.22059

Cook-False 1 0.31111 0.68889 0.82999 0.99465 1

Cook-True 0.68889 0 1 0.82999 1 0.68889

Drink-False 0.99877 0.19544 0.80456 0.89642 0.98355 0.99877

Drink-True 0.80456 0.0012301 0.99877 0.89642 0.98243 0.80456

Eat-False 1 0.27273 0.72727 0.8528 0.99858 1

Eat-True 0.72727 0 1 0.8528 1 0.72727

Enter Home-False 1 0.45968 0.54032 0.73507 0.99458 1

Enter Home-True 0.54032 0 1 0.73507 1 0.54032

Leave Home-False 1 0.41085 0.58915 0.76756 0.99496 1

Leave Home-True 0.58915 0 1 0.76756 1 0.58915

Other Activity-False 0.9929 0.02973 0.97027 0.98152 0.98236 0.9929

Other Activity-True 0.97027 0.0070997 0.9929 0.98152 0.98794 0.97027

Relax-False 0.9999 0.072727 0.92727 0.9629 0.99885 0.9999

Relax-True 0.92727 9.5932e-05 0.9999 0.9629 0.99351 0.92727

Sleep-False 0.99362 0.0020853 0.99791 0.99577 0.99856 0.99362

Sleep-True 0.99791 0.0063765 0.99362 0.99577 0.9908 0.99791

Toilet-False 0.9999 0.37019 0.62981 0.79357 0.97044 0.9999

Toilet-True 0.62981 0.00010221 0.9999 0.79357 0.99803 0.62981

Wash Dishes-False 1 0.20513 0.79487 0.89156 0.99848 1

Wash Dishes-True 0.79487 0 1 0.89156 1 0.79487

Watch TV-False 0.99541 0.006555 0.99345 0.99443 0.9977 0.99541

Watch TV-True 0.99345 0.0045901 0.99541 0.99443 0.98698 0.99345

Water Plants-False 1 0.22034 0.77966 0.88298 0.99752 1

Water Plants-True 0.77966 0 1 0.88298 1 0.77966

Work On Computer-False 0.99856 0.048303 0.9517 0.97485 0.99188 0.99856

Work On Computer-True 0.9517 0.0014354 0.99856 0.97485 0.99116 0.9517

Table 7.23: navan week activity forecasting accuracies.
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Bed Toilet Transition activity. The poor performance with Eat and Drink indicates that

CARL might turn off devices associated with these activities right before they are utilized,

or that CARLv3 might not turn on devices for these activities.

7.3.2 Activity Detection

In an interesting change, the AD datasets appear to have a class distribution for

forecasting the true case in the opposite direction, with many more instances of true

than of false. This class distribution is not true of all AD activity labels though, where

many seem to show an equal distribution between the true and false case. Table 7.29

illustrates the number of datapoints for the true case and false case for each activity in

the navan 2014.AD dataset. Table 7.30 shows the true positive rate for classifying the

true case of each activity in the navan 2014.AD dataset. A large number of true cases for

forecasting in this dataset identifies the distribution of the AD activity labels. Many of

the labels are occurring at points throughout the day without large spans of time where

the activity label will not be seen for more than 10 minutes.

7.3.3 DBSCAN with DTW

Table 7.31 shows the number of datapoints for the true case and false case for

each activity in the navan week.DTW dataset. Table 7.32 shows the true positive rate for

classifying the true case of each activity in the navan week.DTW dataset. The distribution

of true cases to false cases for forecasting for the navan week.DTW dataset is much closer
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Activity # True Events # False Events

Bathe 883 63586

Bed Toilet Transition 878 63591

Cook 563 63906

Drink 1048 63421

Eat 599 63870

Enter Home 609 63860

Leave Home 653 63816

Other Activity 31231 33238

Relax 177 64292

Sleep 24718 39751

Toilet 8129 56340

Wash Dishes 12 64457

Watch TV 17713 46756

Work On Computer 9843 54626

Table 7.24: navan 2014 forecast classes.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 1 0.23556 0.76444 0.87432 0.99674 1

Bathe-True 0.76444 0 1 0.87432 1 0.76444

Bed Toilet Transition-False 1 0.94761 0.052392 0.22889 0.98709 1

Bed Toilet Transition-True 0.052392 0 1 0.22889 1 0.052392

Cook-False 0.99991 0.13677 0.86323 0.92906 0.9988 0.99991

Cook-True 0.86323 9.3888e-05 0.99991 0.92906 0.9878 0.86323

Drink-False 0.99994 0.54389 0.45611 0.67534 0.99109 0.99994

Drink-True 0.45611 6.3071e-05 0.99994 0.67534 0.9917 0.45611

Eat-False 1 0.41068 0.58932 0.76767 0.99616 1

Eat-True 0.58932 0 1 0.76767 1 0.58932

Enter Home-False 1 0.77997 0.22003 0.46908 0.99262 1

Enter Home-True 0.22003 0 1 0.46908 1 0.22003

Leave Home-False 1 0.66769 0.33231 0.57647 0.99321 1

Leave Home-True 0.33231 0 1 0.57647 1 0.33231

Other Activity-False 0.97136 0.026512 0.97349 0.97242 0.975 0.97136

Other Activity-True 0.97349 0.028642 0.97136 0.97242 0.96964 0.97349

Relax-False 1 0.096045 0.90395 0.95077 0.99974 1

Relax-True 0.90395 0 1 0.95077 1 0.90395

Sleep-False 0.99904 0.0090622 0.99094 0.99498 0.99439 0.99904

Sleep-True 0.99094 0.00095595 0.99904 0.99498 0.99845 0.99094

Toilet-False 0.99975 0.36401 0.63599 0.79739 0.95009 0.99975

Toilet-True 0.63599 0.00024849 0.99975 0.79739 0.9973 0.63599

Wash Dishes-False 1 1 0 0 0.99981 1

Wash Dishes-True 0 0 1 0 - 0

Watch TV-False 0.9923 0.022808 0.97719 0.98472 0.99137 0.9923

Watch TV-True 0.97719 0.0076995 0.9923 0.98472 0.97963 0.97719

Work On Computer-False 0.998 0.095195 0.90481 0.95026 0.9831 0.998

Work On Computer-True 0.90481 0.0019954 0.998 0.95026 0.98791 0.90481

Table 7.25: navan 2014 activity forecasting accuracies.
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Activity # True Events # False Events True Positive Rate

Bathe 3,026 227,369 0.52875

Bed Toilet Transition 1,142 229,253 0.031524

Cook 527 229,868 0.3852

Drink 4,081 226,314 0.29062

Eat 172 230,223 0.57558

Enter Home 3,546 226,849 0.090807

Entertain Guests 156 230,239 0.73077

Leave Home 69,356 161,039 0.97605

Other Activity 61,858 168,537 0.80276

Relax 307 230,088 0.66124

Sleep 74,147 156,248 0.98686

Toilet 18,593 211,802 0.2885

Watch TV 54,836 175,559 0.9599

Water Plants 1,136 229,259 0.29577

Work On Computer 20,890 209,505 0.78526

Table 7.26: navan 2012 forecast classes.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 1 0.47125 0.52875 0.72715 0.99377 1

Bathe-True 0.52875 4.3981e-06 1 0.72715 0.99938 0.52875

Bed Toilet Transition-False 1 0.96848 0.031524 0.17755 0.9952 1

Bed Toilet Transition-True 0.031524 0 1 0.17755 1 0.031524

Cook-False 1 0.6148 0.3852 0.62064 0.99859 1

Cook-True 0.3852 0 1 0.62064 1 0.3852

Drink-False 0.99994 0.70938 0.29062 0.53907 0.98737 0.99994

Drink-True 0.29062 5.7442e-05 0.99994 0.53907 0.98916 0.29062

Eat-False 1 0.42442 0.57558 0.75867 0.99968 1

Eat-True 0.57558 0 1 0.75867 1 0.57558

Enter Home-False 1 0.90919 0.090807 0.30134 0.98599 1

Enter Home-True 0.090807 0 1 0.30134 1 0.090807

Entertain Guests-False 1 0.26923 0.73077 0.85485 0.99982 1

Entertain Guests-True 0.73077 0 1 0.85485 1 0.73077

Leave Home-False 0.99696 0.023949 0.97605 0.98645 0.98976 0.99696

Leave Home-True 0.97605 0.0030365 0.99696 0.98645 0.99283 0.97605

Other Activity-False 0.98916 0.19724 0.80276 0.8911 0.9318 0.98916

Other Activity-True 0.80276 0.01084 0.98916 0.8911 0.96451 0.80276

Relax-False 1 0.33876 0.66124 0.81317 0.99955 1

Relax-True 0.66124 0 1 0.81317 1 0.66124

Sleep-False 0.99716 0.013136 0.98686 0.992 0.99379 0.99716

Sleep-True 0.98686 0.0028416 0.99716 0.992 0.99397 0.98686

Toilet-False 0.99994 0.7115 0.2885 0.5371 0.94121 0.99994

Toilet-True 0.2885 6.1378e-05 0.99994 0.5371 0.99758 0.2885

Watch TV-False 0.99328 0.040101 0.9599 0.97645 0.98755 0.99328

Watch TV-True 0.9599 0.0067157 0.99328 0.97645 0.97809 0.9599

Water Plants-False 1 0.70423 0.29577 0.54385 0.99652 1

Water Plants-True 0.29577 0 1 0.54385 1 0.29577

Work On Computer-False 0.99892 0.21474 0.78526 0.88567 0.97901 0.99892

Work On Computer-True 0.78526 0.0010787 0.99892 0.88567 0.98641 0.78526

Table 7.27: navan 2012 activity forecasting accuracies.
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Activity TPR for True True % Events

Other Activity 0.99986 98.843%

Pat 0 0.99959 98.877%

Pat 10 0.86151 22.166%

Pat 12 0.79732 26.273%

Pat 4 0.87065 22.245%

Pat 5 0.86367 44.065%

Pat 7 0.82446 25.237%

Pat 9 0.88920 63.361%

Table 7.28: TPR for navan 2014.AD forecasting of activities for the true case.
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Activity # True Events # False Events

Other Activity 63723 746

Pat 0 63745 724

Pat 10 14290 50179

Pat 12 16938 47531

Pat 4 14341 50128

Pat 5 28408 36061

Pat 7 16270 48199

Pat 9 40848 23621

Table 7.29: navan 2014.AD forecast classes.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.27748 0.00014124 0.99986 0.52673 0.95833 0.27748

Other Activity-True 0.99986 0.72252 0.27748 0.52673 0.99161 0.99986

Pat 0-False 0.80801 0.00040788 0.99959 0.89871 0.95745 0.80801

Pat 0-True 0.99959 0.19199 0.80801 0.89871 0.99782 0.99959

Pat 10-False 0.99448 0.13849 0.86151 0.92561 0.96186 0.99448

Pat 10-True 0.86151 0.0055202 0.99448 0.92561 0.97799 0.86151

Pat 12-False 0.9352 0.20268 0.79732 0.86351 0.92831 0.9352

Pat 12-True 0.79732 0.0648 0.9352 0.86351 0.81429 0.79732

Pat 4-False 0.99433 0.12935 0.87065 0.93044 0.96412 0.99433

Pat 4-True 0.87065 0.0056655 0.99433 0.93044 0.97776 0.87065

Pat 5-False 0.96303 0.13633 0.86367 0.912 0.89967 0.96303

Pat 5-True 0.86367 0.036965 0.96303 0.912 0.94847 0.86367

Pat 7-False 0.99515 0.17554 0.82446 0.90579 0.9438 0.99515

Pat 7-True 0.82446 0.0048549 0.99515 0.90579 0.98285 0.82446

Pat 9-False 0.85399 0.1108 0.8892 0.87141 0.81675 0.85399

Pat 9-True 0.8892 0.14601 0.85399 0.87141 0.91328 0.8892

Table 7.30: navan 2014.AD activity forecasting accuracies.
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to the human generated ADL navan week dataset than the navan week.AD dataset. A

large number of activity labels in the navan week.DTW dataset with high true positive

rates for the true case in forecasting will help the CARL home automation algorithm

perform better.

Table 7.34 shows the number of datapoints for the true case and false case for each

activity in the navan 2014.DTW dataset. Table 7.35 shows the true positive rate for

classifying the true case of each activity in the navan 2014.DTW dataset. While there

are several activity labels with lower true positive rates for the true case in forecasting,

there are much more with high true positive rates. If the greater performing activity

labels are associated with devices, then the high accuracy in forecasting will allow the

navan 2014.DTW dataset to perform well with the CARL activity-aware automation al-

gorithm.

7.4 CARL

Using datasets summarized in Tables 7.1 and 7.2, we evaluate the ability of the three

versions of the CARL algorithm to utilize activity recognition and activity forecasting to

perform home automation. We look at and compare the performance of human-generated

activity labels, labels generated by the activity discovery algorithm, and clusters identified

by our DBSCAN-DTW algorithm.
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Activity # True Events # False Events

0 5187 5402

1 1662 8927

10 46 10543

11 47 10542

12 34 10555

13 21 10568

14 23 10566

2 4385 6204

3 33 10556

4 1406 9183

5 210 10379

6 1649 8940

7 171 10418

8 56 10533

9 53 10536

Table 7.31: navan week.DTW forecast classes.
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Activity True Positive Rate

0 0.9705

1 0.97413

10 0.91304

11 0.44681

12 0.61765

13 0.38095

14 0.86957

2 0.99886

3 0.93939

4 0.99218

5 0.9619

6 0.99576

7 0.74269

8 0.76786

9 0.71698

Table 7.32: navan week.DTW forecast true positive rate.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

0-False 0.97186 0.029497 0.9705 0.97118 0.97168 0.97186
0-True 0.9705 0.028138 0.97186 0.97118 0.97069 0.9705
1-False 0.99552 0.025872 0.97413 0.98477 0.99518 0.99552
1-True 0.97413 0.0044808 0.99552 0.98477 0.97589 0.97413
10-False 1 0.086957 0.91304 0.95553 0.99962 1
10-True 0.91304 0 1 0.95553 1 0.91304
11-False 1 0.55319 0.44681 0.66844 0.99754 1
11-True 0.44681 0 1 0.66844 1 0.44681
12-False 1 0.38235 0.61765 0.78591 0.99877 1
12-True 0.61765 0 1 0.78591 1 0.61765
13-False 1 0.61905 0.38095 0.61721 0.99877 1
13-True 0.38095 0 1 0.61721 1 0.38095
14-False 1 0.13043 0.86957 0.9325 0.99972 1
14-True 0.86957 0 1 0.9325 1 0.86957
2-False 0.9921 0.0011403 0.99886 0.99548 0.99919 0.9921
2-True 0.99886 0.0078981 0.9921 0.99548 0.98894 0.99886
3-False 0.99991 0.060606 0.93939 0.96918 0.99981 0.99991
3-True 0.93939 9.4733e-05 0.99991 0.96918 0.96875 0.93939
4-False 0.9963 0.0078236 0.99218 0.99423 0.9988 0.9963
4-True 0.99218 0.0037025 0.9963 0.99423 0.97621 0.99218
5-False 0.9999 0.038095 0.9619 0.98072 0.99923 0.9999
5-True 0.9619 9.6348e-05 0.9999 0.98072 0.99507 0.9619
6-False 0.99989 0.004245 0.99576 0.99782 0.99922 0.99989
6-True 0.99576 0.00011186 0.99989 0.99782 0.99939 0.99576
7-False 1 0.25731 0.74269 0.86179 0.99579 1
7-True 0.74269 0 1 0.86179 1 0.74269
8-False 0.99972 0.23214 0.76786 0.87615 0.99877 0.99972
8-True 0.76786 0.00028482 0.99972 0.87615 0.93478 0.76786
9-False 1 0.28302 0.71698 0.84675 0.99858 1
9-True 0.71698 0 1 0.84675 1 0.71698

Table 7.33: navan week.DTW activity forecasting accuracies.



136

Activity # True Events # False Events

0 34169 30300
1 7576 56893
10 247 64222
11 84 64385
12 2350 62119
13 311 64158
14 5256 59213
15 1238 63231
16 198 64271
17 50 64419
18 837 63632
19 58 64411
2 393 64076
20 85 64384
21 79 64390
22 43 64426
23 198 64271
24 29 64440
25 56 64413
26 52 64417
27 430 64039
28 742 63727
29 55 64414
3 23669 40800
30 28 64441
31 45 64424
32 13 64456
33 374 64095
34 93 64376
4 381 64088
5 70 64399
6 96 64373
7 174 64295
8 81 64388
9 510 63959

Table 7.34: navan 2014.DTW forecast classes.
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Activity True Positive Rate

0 0.93319
1 0.95987
10 0.82186
11 0.083333
12 0.90638
13 0.81672
14 0.99182
15 0.96931
16 0.82828
17 0.2
18 0.92593
19 0.63793
2 0.91603
20 0.6
21 0.81013
22 0
23 0.98485
24 0.93103
25 0.017857
26 0.46154
27 0.93488
28 0.94609
29 0.61818
3 0.99916
30 0.25
31 0.8
32 0.76923
33 1
34 1
4 0.83465
5 0.47143
6 0.79167
7 0.33908
8 0.59259
9 0.87059

Table 7.35: navan 2014.DTW forecast true positive rate.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

0-False 0.96871 0.066815 0.93319 0.95078 0.92783 0.96871
0-True 0.93319 0.031287 0.96871 0.95078 0.97113 0.93319
1-False 0.99439 0.040127 0.95987 0.97698 0.99466 0.99439
1-True 0.95987 0.005607 0.99439 0.97698 0.95798 0.95987
10-False 0.99997 0.17814 0.82186 0.90655 0.99932 0.99997
10-True 0.82186 3.1142e-05 0.99997 0.90655 0.99024 0.82186
11-False 1 0.91667 0.083333 0.28868 0.99881 1
11-True 0.083333 0 1 0.28868 1 0.083333
12-False 0.99947 0.093617 0.90638 0.95179 0.99647 0.99947
12-True 0.90638 0.00053124 0.99947 0.95179 0.98474 0.90638
13-False 1 0.18328 0.81672 0.90373 0.99911 1
13-True 0.81672 0 1 0.90373 1 0.81672
14-False 0.99981 0.0081811 0.99182 0.99581 0.99927 0.99981
14-True 0.99182 0.00018577 0.99981 0.99581 0.99789 0.99182
15-False 1 0.030695 0.96931 0.98453 0.9994 1
15-True 0.96931 0 1 0.98453 1 0.96931
16-False 1 0.17172 0.82828 0.9101 0.99947 1
16-True 0.82828 0 1 0.9101 1 0.82828
17-False 1 0.8 0.2 0.44721 0.99938 1
17-True 0.2 0 1 0.44721 1 0.2
18-False 0.99984 0.074074 0.92593 0.96217 0.99903 0.99984
18-True 0.92593 0.00015715 0.99984 0.96217 0.98726 0.92593
19-False 1 0.36207 0.63793 0.79871 0.99967 1
19-True 0.63793 0 1 0.79871 1 0.63793
2-False 1 0.083969 0.91603 0.95709 0.99949 1
2-True 0.91603 0 1 0.95709 1 0.91603
20-False 1 0.4 0.6 0.7746 0.99947 1
20-True 0.6 0 1 0.7746 1 0.6
21-False 1 0.18987 0.81013 0.90007 0.99977 1
21-True 0.81013 0 1 0.90007 1 0.81013
22-False 1 1 0 0 0.99933 1
22-True 0 0 1 0 - 0
23-False 1 0.015152 0.98485 0.9924 0.99995 1
23-True 0.98485 0 1 0.9924 1 0.98485
24-False 1 0.068966 0.93103 0.9649 0.99997 1
24-True 0.93103 0 1 0.9649 1 0.93103
25-False 1 0.98214 0.017857 0.13363 0.99915 1
25-True 0.017857 0 1 0.13363 1 0.017857
26-False 1 0.53846 0.46154 0.67937 0.99957 1
26-True 0.46154 0 1 0.67937 1 0.46154
27-False 1 0.065116 0.93488 0.96689 0.99956 1
27-True 0.93488 0 1 0.96689 1 0.93488
28-False 1 0.053908 0.94609 0.97267 0.99937 1
28-True 0.94609 0 1 0.97267 1 0.94609
29-False 1 0.38182 0.61818 0.78625 0.99967 1
29-True 0.61818 0 1 0.78625 1 0.61818
3-False 0.98735 0.00084499 0.99916 0.99324 0.9995 0.98735
3-True 0.99916 0.012647 0.98735 0.99324 0.97865 0.99916
30-False 1 0.75 0.25 0.5 0.99967 1
30-True 0.25 0 1 0.5 1 0.25
31-False 1 0.2 0.8 0.89443 0.99986 1
31-True 0.8 0 1 0.89443 1 0.8
32-False 1 0.23077 0.76923 0.87706 0.99995 1
32-True 0.76923 0 1 0.87706 1 0.76923
33-False 1 0 1 1 1 1
33-True 1 0 1 1 1 1
34-False 1 0 1 1 1 1
34-True 1 0 1 1 1 1
4-False 0.99995 0.16535 0.83465 0.91357 0.99902 0.99995
4-True 0.83465 4.6811e-05 0.99995 0.91357 0.99065 0.83465
5-False 1 0.52857 0.47143 0.68661 0.99943 1
5-True 0.47143 0 1 0.68661 1 0.47143
6-False 1 0.20833 0.79167 0.88976 0.99969 1
6-True 0.79167 0 1 0.88976 1 0.79167
7-False 1 0.66092 0.33908 0.58231 0.99821 1
7-True 0.33908 0 1 0.58231 1 0.33908
8-False 1 0.40741 0.59259 0.7698 0.99949 1
8-True 0.59259 0 1 0.7698 1 0.59259
9-False 0.99975 0.12941 0.87059 0.93294 0.99897 0.99975
9-True 0.87059 0.00025016 0.99975 0.93294 0.96522 0.87059

Table 7.36: navan 2014.DTW activity forecasting accuracies.
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7.4.1 CARLv1

The primary goal of CARLv1 was to determine how much energy savings could be

achieved. However, human factors need to be considered as well. As a result, CARLv1 is

evaluated on some different performance measures. These measures include:

• Total time. Measures the total time that devices are on.

• Watt-hours. Measures the watt-hours of power that are used by a particular method

(CARLv1 or the baseline method of no automation) combined over all of the devices

located in the testbed. The list of navan’s devices and their wattages are found in

Table 3.1.

• RMSE. The root mean square error (RMSE) is computed to indicate the error in

CARLv1’s automation due to being too aggressive (turning off devices when the

resident needed them) or too conservative (not turning off devices when they were

not necessary). The too-conservative case occurred twice. In both situations, this was

due to the smart home infrastructure not detecting the request to turn off a device.

The too-aggressive situation was more common and was typically due to errors in

recognizing the current activity. The errors were indicated by button taps by the

resident and are therefore measured using this feedback, as shown in Equation 7.1.

In this equation, D represents the number of devices, CARLOff(i) accounts for the

number of times that CARLv1 turned off device i and DoubleTap(i) accounts for

the number of times that the resident indicated an automation error via a double
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tap.

RMSE =

√∑D
i=0(CARL Off(i)−DoubleTap(i))2

D
(7.1)

• NRMSE. To better interpret the RMSE values, we compute a normalized RMSE

value. This value is obtained by dividing the RMSE result by the maximum possible

error. The resulting value ranges between 0.0 (no error) and 1.0 (maximum possible

error).

NRMSE =
RMSE

maxi∈D(CARL Off(i))
(7.2)

The results comparing total time and watt-hours for CARL-based automation and

no automation are summarized in Figures 7.1 and 7.2. As the figures indicate, there is

a consistent reduction in energy consumption and unnecessary device utilization through

activity-aware automation. Most of the energy reduction is due to turning off lamps when

they are not needed (e.g., when the resident is not at home) and turning off speakers when

the resident is not in the living room listening to music or watching television.

Table 7.37 summarizes the reduction and accuracy results. There is a significant

(p < 0.01) reduction in both energy consumption and total time using activity-aware

automation. This automation does come at the expense of occasional overly-aggressive

device control. This is reflective of the almost 3% error reported earlier for recognizing

the targeted 17 activities in real time. As activity recognition becomes more robust, this

error will be further reduced.
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Figure 7.1: Comparison of device total time on and consumption.

Baseline CARLv1

Total Time (minutes) 19,826.04 13,867.64

Consumption (watt-hours) 25,297.85 18,352.27

RMSE 0.00 11.15

NRMSE 0.00 0.15

Table 7.37: Reduction and accuracy results for CARLv1.
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Figure 7.2: Time (in minutes) and energy consumption (in watt-hours), listed for each

device, with (CARLv1) and without (baseline) activity-aware home automation.
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0 1 2 3 4 5 6 7 ←guessed

147146 0 2323 424 26133 10011 27399 15002 0 = Other Activity

1212394 0 6841 3153 75933 47533 122551 115888 1 = Pat 0

20722 0 2547 46 23629 3179 3762 4592 2 = Pat 10

21123 0 72 298 721 150 753 272 3 = Pat 12

22069 0 1641 45 27607 4131 3840 5212 4 = Pat 4

18009 0 262 30 4376 6459 2269 6054 5 = Pat 5

17522 0 226 50 2569 1161 19686 1154 6 = Pat 7

44185 0 622 147 6971 6246 4499 21684 7 = Pat 9

Table 7.39: Results for navan 2014.AD CARLv1 activity recognition, with an accuracy of

10.61670787.
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7.4.2 CARLv2

CARLv2’s goal is to turn off as many as devices as possible without interfering with

resident tasks. Performance can thus be measured regarding the number of times a device

is turned off (or the corresponding reduction in energy consumption) and the number of

resident disruptions (or the number of times the user double tapped a switch to provide

feedback to the system while turning the device back on.

Here, the CARLv2 activity-aware automation architecture is validated using data

collected from the navan smart home described in Section 3.2. Much of the system de-

pends on the ability to recognize activities in real time as they occur correctly. First,

the accuracy of the activity recognition is evaluated on the navan smart home data. Ta-

ble 7.41 summarizes the performance of activity recognition using 3-fold partitioning val-

idation. Table 7.41 also provides a confusion matrix that highlights where the errors lie.

The performance evaluation is based on two months of smart home data, collected con-

tinuously while the resident performed regular routines. As can be seen in Table 7.41,

the overall accuracy is high but the larger classes, such as Other Activity, create a class

imbalance that introduces associated errors. CARLv2’s automation effectiveness builds

on this performance because activity recognition provides the set of current activities,

CurrentActivities, used in Algorithm 7.
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The next component is CARLv2’s activity forecasting. This is a binary classification

problem, indicating for each activity whether it will occur in the next ten minutes (class =

true case) or not (class = false case). While activity forecasting, in this case, is expected

to outperform activity recognition due to the fewer classes, this is not always the case.

Table 7.42 summarizes the 3-fold partitioning validation results of activity forecasting for

the navan smart home. As can be seen in Table 7.42, activity forecasting performance

varies significantly between particular activities. Activities that occur often have enough

training data to learn the activity times adequately. Activities that are highly predictable,

such as sleep, also yield substantial predictive accuracy. On the other hands, activities

that are less predictable and less frequent have lower accuracy. An additional challenge is

the extreme class imbalance in this learning problem. Most activities are not current much

more than they are current. For any given activity it is expected that it will be current only

1.0/|A| of the time, where A represents the set of activities. Because there are 15 activities,

a defined activity will occur on average 6.7% of the time. Machine learning algorithms

attempt to optimize classification accuracy. For imbalanced class distributions, this means

that most of the forecasts will favor the majority class (the activity will not occur within

the next 10 minutes) rather than the minority class (the activity will occur within the next

10 minutes). These influences are reflected in the results shown in Table 7.41.

Finally, CARLv2 is tested as a fully automated home control system in our navan

smart apartment. To test CARLv2, the activity recognition algorithm and the activity

forecasting algorithm are trained on three months of data with activity labels provided

by a human annotator. The automation results are then collected for one week in the
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apartment. The training data and testing data were separated in time by several months,

during which some routine differences would be expected due to concept drift, seasonal

changes, and normal behavior variation.

Regarding quantifiable performance evaluation, two measures are used. The first is

the number of “double button taps” performed by the resident. These represent false pos-

itive cases where CARLv2 turned off a device at a time that was incorrect or inconvenient

for the resident, and the resident indicate the mistake by tapping the feedback button

twice. The resident was at home almost the entire duration of the test week. However,

during the times that he was out of the home, he provided feedback by looking at the

automation and sensor data logs to assess whether each automation step was appropriate

or was incorrect.

Table 7.43 summarizes the performance of CARLv2 regarding its ability to accu-

rately turn off devices when they are not needed. As the table indicates, not only does

performance vary widely from one device to another but it closely mirrors the activity

recognition and activity forecasting performance. As an example, Work On Computer

is an activity with consistent recognition and forecasting performance. Similarly, device

LL015 is automated with strong true positive rates (TPR) and false negative rates (FNR).

This indicates that as the ability of activity recognition and activity forecasting improves,

so will the ability to accurately automate home control. This can be accomplished through

additional training data and greater consistency of human activity label annotations.

Finally, Figures 7.3 and 7.4 show the minutes saved and energy reduced through

CARLv2 automation. Using activity-aware automation reduces device utilization by 56%



150

Device Automated Turn Off Double Tap On Manual Off TPR FNR

F001 12 2 3 0.83 0.80

LL001 0 0 0 1.00 1.00

LL002 6 0 13 1.00 0.32

LL003 0 0 0 1.00 1.00

LL004 18 3 5 0.83 0.78

LL005 0 0 6 1.00 1.00

LL006 28 17 4 0.39 0.88

LL007 4 1 0 0.75 1.00

LL008 29 10 9 0.66 0.76

LL009 9 6 5 0.33 0.64

LL011 0 0 1 1.00 0.00

LL013 0 0 0 1.00 1.00

LL014 41 31 12 0.24 0.77

LL015 16 3 1 0.81 0.94

LL016 0 0 0 1.00 1.00

Table 7.43: CARLv2 activity occurrence forecasting performance on navan smart home

data by device. Device placement is shown in Figure 3.3.
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and reduces energy consumption by 50%. Of course, this savings must be balanced with

the 21% average positive rate. In some of these cases, the correct automation step was

determined but was not executed at an optimal time. To analyze this type of error more

carefully, we also compute the normalized root mean squared error (NRMSE) for each

CARL-based device automation. The error is calculated as the time between the device

automation and when it should have been turned off based on the actual activities that

occurred at each time step. Each error value is squared, and the set of errors are normalized

to fall within the range of 0-1. The NRMSE over the entire dataset is 0.138577. This

indicates that CARLv2 can automate devices based on its awareness of activities that are

occurring in the home.
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Figure 7.3: Minutes each device is on using the baseline method (no automation) and with

CARLv2.
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Figure 7.4: Watt-hours consumed using the baseline method (no automation) and with

CARLv2.
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0 1 2 3 4 5 6 7 ←guessed

154383 0 2539 415 23581 9935 24962 12670 0 = Other Activity

1177057 0 5816 4707 54012 68396 132581 142280 1 = Pat 0

12780 0 6299 0 35573 988 1039 1798 2 = Pat 10

22064 0 16 529 278 60 373 69 3 = Pat 12

11734 0 2579 0 45213 1515 1246 2258 4 = Pat 4

16019 0 181 2 2442 11064 1402 6349 5 = Pat 5

12338 0 192 8 1244 700 27433 455 6 = Pat 7

39635 0 421 58 4306 8056 3041 28837 7 = Pat 9

Table 7.45: Results for navan 2014.AD CARLv2 activity recognition, with an accuracy of

12.88923165.
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7.4.3 CARLv3

CARLv3’s goal is to turn off devices when they are no longer needed and turn on

devices that are forecasted to be utilized. This means that the accuracy of the true case in

forecasting activities has twice the opportunity to impact the performance of CARLv3 (see

Section 4.3 for a definition of the true case). During the live experiment, we utilized a single

decision tree instead of a random forest (see the explanations in Chapter 4) and suffered

from the corresponding overfit issues. CARLv3 does not distinguish human-triggered

device interaction events from CARL-triggered device control events. As a result, the

automation that occurred created a feedback loop where the algorithms started classifying

activities where the automation was happening. This feedback loop is what caused the

enormous automated ON and OFF values found in Table 7.47. The feedback loop also

meant that the automation was occurring while the resident was asleep or out of the

apartment and thus was not able to provide feedback on these erroneous interactions.

As we were not able to utilize the same metrics as CARLv1 and CARLv2 where

we employed the double tap as a corrective error measure, we will be performing a direct

analysis of the performance of CARLv3 on our different activity labeling methods (ADL,

AD, and DBSCAN-DTW). Now, in Table 7.47 we have the results from 7 days of the

live experiment. We can now compare the use of LL008 in the datasets navan 2014,

navan 2014.AD, and navan 2014.DTW, in the Table 7.48. As the table shows, CARLv3

performed much better with the AD and DTW datasets, where it was not excessively

turning on LL008, and therefore did not need to turn it back off as much. The ON and



158

Device Auto On Auto Off Manual On Manual Off Double Tap On Double Tap Off

F001 122 98 7 7 2 24

LL001 35 35 0 2 0 0

LL002 202 148 9 18 0 41

LL003 213 153 0 16 0 46

LL004 111 109 11 8 8 9

LL006 182 162 2 16 3 13

LL007 159 160 0 0 0 3

LL008 86 83 6 8 1 2

LL009 164 163 4 10 0 5

LL011 153 169 0 2 0 0

LL013 157 135 1 14 0 7

LL014 129 156 11 15 28 4

LL015 116 130 7 4 8 5

LL016 109 117 3 5 7 2

Table 7.47: CARLv3 activity occurrence forecasting performance on navan smart home

data by device. Device placement is shown in Figure 3.3.
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Method Device # ON # OFF # CARLv3 ON # CARLv3 OFF

BASELINE LL008 278 278 0 0

ADL LL008 90 280 356 165

AD LL008 77 282 219 13

DTW LL008 107 281 187 12

Table 7.48: CARLv3 comparison of performance.

OFF columns are where the resident initially turned on and off the device. The BASELINE

entry represents how much the light was turned on and off in the original dataset. While

the ADL and AD version of CARLv3 managed to reduce the number of times the resident

needed to turn on the light, and CARLv3 also turned it on more than was necessary. The

DTW dataset appears to be strong at balancing how much to turn on the device and when

to turn it back off.
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0 1 2 3 4 5 6 7 ←guessed

167949 0 523 64 25705 4020 25337 4831 0 = Other Activity

1351103 0 1630 396 74152 9659 113843 33413 1 = Pat 0

29520 0 549 4 22843 909 3496 1156 2 = Pat 10

21696 0 10 64 777 57 659 126 3 = Pat 12

31884 0 459 6 25726 1626 3608 1236 4 = Pat 4

25540 0 51 8 4213 3065 2156 2426 5 = Pat 5

19951 0 54 8 2446 841 18747 321 6 = Pat 7

62834 0 125 17 6654 1880 4025 8819 7 = Pat 9

Table 7.50: Results for navan 2014.AD CARLv3 activity recognition, with an accuracy of

10.59331194.
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7.4.4 User Experience

In addition to quantifying the benefit of CARL automation based on energy savings

and reduction in necessary resident device control, we also analyze the performance of the

system based on usability. In this section, we summarize anecdotal feedback from the smart

home resident who experienced home automation. We also analyze quantitative feedback

from the resident. Specifically, the resident answered the questions listed in Tables 7.52,

7.53, and 7.54 on a Likert scale from 1 to 7. For transparency, we would like to note that

the author was the resident in the live experiments. Here we summarize qualitative and

quantitative feedback.

For all three versions of CARL, our experiment resident reported that it was easy to

use, clarifying that meant that he did not have to do anything to install or configure the

system. There wasn’t much to learn other than to perform the double tap when correcting

a device that turned off while it was in use. It was easy to use the double tap, but the

resident said they would prefer something a little less aggressive controlling the smart

environment.

Anecdotal information from the resident indicated that many of the activities were

correctly detected, anticipated, and automated. However, the ones that were incorrect

were often detrimental to the resident’s comfort. The resident also reported that changing

between activities made it feel like the devices did not turn off as much, though this was

possible because of confusion in the forecasting models. In the questionnaire in Table 7.53,

the resident reported that the system had some trouble anticipating upcoming activities.
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Question (1=agree, 7=disagree) 1 2 3 4 5 6 7

It was simple to use the system. X - - - - - -

It was easy to learn to use this system. X - - - - - -

The system responded well to my current activities. - - X - - - -

The system anticipated my upcoming activities. - - - - - X -

It was easy to reverse the automation step. - X - - - - -

I would like to live in a home automated with this system. - - - X - - -

I would let an older relative use this system. - - - - - - X

Comments:

I’m glad we put in the guard rule so it could not control the bathroom light/fan

when the door was shut.

Table 7.52: CARLv1 questionnaire results
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Question (1=agree, 7=disagree) 1 2 3 4 5 6 7

It was simple to use the system. X - - - - - -

It was easy to learn to use this system. X - - - - - -

The system responded well to my current activities. - X - - - - -

The system anticipated my upcoming activities. - - - - X - -

It was easy to reverse the automation step. X - - - - - -

I would like to live in a home automated with this system. - - X - - - -

I would let an older relative use this system. - - - - - - X

Comments:

This version of CARL did not turn things off as aggressively as CARLv1. After

hearing about the overfitting issue and the new results with switching to a random

forest, I wish I still lived in navan so I could try it.

Table 7.53: CARLv2 questionnaire results

As the quantitative results in Tables 7.52 and 7.53 show, CARLv1 and CARLv2

received “agree” responses for most of the questions. This indicates that the automation

was user-friendly for the most part. While all three versions of CARL received a “disagree”

on letting an older relative use the system, this was one of the three versions of CARL

that the resident would have an older adult use if he had to choose.

The resident had a much more difficult time interacting with CARLv3. The resident
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ended up removing the light bulbs from his bedroom lamp during the CARLv3 experiment

because the system repeatedly identified Sleep as about to occur when the resident was

already in bed and trying to go to sleep. The overfit issues and feedback loop caused

some annoyances with the resident during the experiment. The resident reported that he

stopped trying to correct the system after the second day with the double tap and just

worked in the dark, then the light, then the dark again, adjusting his schedule to complete

cooking while there was still daylight out. It should be clear in Table 7.54 as to why the

resident indicated he would not live in a home with the CARLv3 automation system.
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Question (1=agree, 7=disagree) 1 2 3 4 5 6 7

It was simple to use the system. X - - - - - -

It was easy to learn to use this system. X - - - - - -

The system responded well to my current activities. - - X - - - -

The system anticipated my upcoming activities. - - - X - - -

It was easy to reverse the automation step. - - X - - - -

I would like to live in a home automated with this system. - - - - - - X

I would let an older relative use this system. - - - - - - X

Comments:

I had lots of hope for this version, but it would start having troubles if I stayed

doing one thing too long. If I kept changing what I was doing it would feel like it

performed better, but only because I wasn’t getting too far along with any particular

task. I wish I could have disabled the system when I would leave or go to bed, but

it was an experience.

Table 7.54: CARLv3 questionnaire results
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CHAPTER 8. SUMMARY AND CONCLUSION

In this dissertation, we have looked at the current state of home automation and

identified areas that could be combined with smart home technologies to provide activity-

aware automation. We hypothesized that combining activity recognition, activity fore-

casting, and smart home technologies could result in an activity-aware smart automation

system. With this goal, we built CARL (CASAS Activity-aware Resource Learning) to

test the hypothesis.

To create an activity-aware home automation system, we had to introduce and build

on several technologies. First, we needed to define a smart home infrastructure that can

sense the state of the environment, reason about it in real-time, and take action to meet a

specified goal. We accomplished this task by creating the CASAS Smart Home in a Box

(SHiB) framework described in Chapter 3. Several of the testbeds that have been set up

utilizing this framework are used for experiments throughout this dissertation including

navan and a set of HH smart homes.

Second, to make the system activity-aware, we needed to create activity learning

algorithms. By labeling smart home sensor events with corresponding activity labels, the

home becomes aware of the behaviors that the resident is performing. Activity labels are

generated through a variety of activity learning algorithms. One such algorithm is activity

recognition, described in Chapter 4. Also discussed in Chapter 4 is activity forecasting,

or the ability of an algorithm to predict activities that will occur shortly. Because the
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activity learning algorithms described in Chapter 4 typically assume that activity classes

are predefined by experiments, we introduce an alternative method for activity label-

ing and learning in Chapter 5. Here we replace human-defined activity categories with

automatically-discovered activity categories.

Finally, we created a home automation system that makes automation decisions

based on information provided by the SHiB and the activity learning algorithms. This

work introduced three novel home automation strategies within the CARL automation

system, described in Chapter 6. The first version was designed to turn off devices reactively

based on knowledge of current activities. The second version refines turning off of devices

to be sensitive not only to ongoing activities (based on activity recognition) but also future

activities (based on activity forecasting). The third and most aggressive, version of CARL

not only turns off unneeded devices but also turns on devices in anticipation of upcoming

activities.

We evaluate each layer of the activity-aware home automation system using data

from real smart home testbeds. Overall, we observed that both activity recognition and

forecasting performed well on history and live data once the overfit issue was addressed

using random forests and sampling strategies. When we replace predefined activity classes

with automatically-discovered activities from DBSCAN-DTW clustering, we find that the

activity learning algorithms improve performance although they suffer a bit when devices

need to be associated with modeled activity classes.

Concerning the overall home automation, CARL’s performance does greatly depend

on the accuracy of the underlying activity learning algorithms. We observed this in par-
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ticular with version 3 of CARL which utilized only a decision tree to perform aggressive

device automation. However, versions 1 and 2 do yield strong performance both regard-

ing energy savings and reduction of the need for manual control. As expected, the user

feedback, both qualitative and quantitative, is consistent with the performance results -

versions 1 and 2 of CARL were well received while version 3 was found too disruptive to

the resident’s lifestyle.

In conclusion, our creation of an actual smart home automation system provides

evidence that a smart home can not only be automated but can benefit from activity

awareness. The development of these technologies and evaluation on real live testbeds lays

a foundation for continued research to make such buildings energy efficient, productive,

and enjoyable.

This research explores a relatively new area of research and utilizes many AI and

machine learning technologies to implement the ideas. As a result, many avenues can be

studied in the future. Here we summarize a few of these directions for future research.

First, we note that the CARL system automates a building based solely on knowl-

edge of user activities. A direction for future research is to learn a resident’s automation

preferences and incorporate these into the automation strategy. As an example, the dou-

ble tap feedback that is designed as part of CARL can be combined with reinforcement

learning to provide a more adaptive system and converge more quickly on a practical au-

tomation strategy. Similarly, a decision-theoretic approach to home automation could be

introduced. This formulation will allow us to balance each possible action not only with

the probability of its outcome (based on confidence in activity recognition and forecasting)
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but also with the cost of each possible outcome.

Second, there are many enhancements of activity discovery methods that can be ex-

plored and integrated into this research. DTW-based DBSCAN currently operates offline.

This needs to perform in real-time. One possible way to do this is to average the cluster

centroids incrementally as new data arrives [177]. Some of the discovered patterns should

potentially be forgotten over time as well to respond to concept drift that is detected in

the activity patterns. Additional device association methods can also be explored to link

activity discovery more firmly with automation actions. Using the real-time clustering, our

activity-aware automation system could be installed in a home with no manual interven-

tion. This approach might start with a long automation timeout which can be shortened

as activity recognition and activity forecasting accuracy improves.

Third, we note that our testbeds facilitated limited automation. Future work can

expand this to integrate additional device control. For example, controlling large appli-

ances (e.g., washing machine, dishwasher, water heater) and controlling HVAC systems

may result in much more dramatic energy savings for an effective automation scheme.

Finally, there are many aspects of CARL that would benefit from additional, thor-

ough evaluation. It is difficult to perform such evaluation on real testbeds because of the

limited number of available testbeds. In earlier work [180] we created a synthetic data gen-

erator that utilizes a hidden Markov model to emulate smart home data patterns. Once

this type of generative model is refined, it can be used to create arbitrary amounts of

smart home data consistent with home and resident habits. This will allow researchers to

design and evaluate home automation systems with greater precision.
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APPENDIX

A SMART HOME TESTBEDS

Figure A.1: Floor plan and sensor placement for the testbed navan.
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Figure A.2: Floor plan and sensor placement for the testbed hh101.

Figure A.3: Floor plan and sensor placement for the testbed hh102.
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Figure A.4: Floor plan and sensor placement for the testbed hh103.
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Figure A.5: Floor plan and sensor placement for the testbed hh104.
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Figure A.6: Floor plan and sensor placement for the testbed hh105.
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Figure A.7: Floor plan and sensor placement for the testbed hh106.
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Figure A.8: Floor plan and sensor placement for the testbed hh107.
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Figure A.9: Floor plan and sensor placement for the testbed hh108.
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Figure A.10: Floor plan and sensor placement for the testbed hh109.
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Figure A.11: Floor plan and sensor placement for the testbed hh111.
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Figure A.12: Floor plan and sensor placement for the testbed hh112.



183

Figure A.13: Floor plan and sensor placement for the testbed hh113.
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Figure A.14: Floor plan and sensor placement for the testbed hh114.
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Figure A.15: Floor plan and sensor placement for the testbed hh115.
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Figure A.16: Floor plan and sensor placement for the testbed hh116.
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Figure A.17: Floor plan and sensor placement for the testbed hh117.
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Figure A.18: Floor plan and sensor placement for the testbed hh118.
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Figure A.19: Floor plan and sensor placement for the testbed hh119.
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Figure A.20: Floor plan and sensor placement for the testbed hh120.
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Figure A.21: Floor plan and sensor placement for the testbed hh122.
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Figure A.22: Floor plan and sensor placement for the testbed hh123.
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Figure A.23: Floor plan and sensor placement for the testbed hh125.
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Figure A.24: Floor plan and sensor placement for the testbed hh126.
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Figure A.25: Floor plan and sensor placement for the testbed hh127.
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Figure A.26: Floor plan and sensor placement for the testbed hh128.
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Figure A.27: Floor plan and sensor placement for the testbed hh129.
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B ACTIVITY RECOGNITION RESULTS

Here we present some additional results from the activity recognition algorithm.
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C ACTIVITY RECOGNITION RESULTS PER ACTIVITY

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.99136 0.00042362 0.99958 0.99546 0.99293 0.99136

Bed Toilet Transition 0.97109 0.00031539 0.99968 0.98528 0.91347 0.97109

Cook 0.99308 0.0024337 0.99757 0.99532 0.97695 0.99308

Dress 0.98422 0.0024956 0.9975 0.99084 0.93569 0.98422

Eat 0.92749 0.0012167 0.99878 0.96247 0.93435 0.92749

Enter Home 0.95892 0.0016995 0.9983 0.97841 0.91928 0.95892

Leave Home 0.73233 7.2801e-05 0.99993 0.85573 0.9926 0.73233

Other Activity 0.92913 0.013398 0.9866 0.95743 0.94632 0.92913

Personal Hygiene 0.98301 0.0068217 0.99318 0.98808 0.96166 0.98301

Relax 0.89482 0.0021773 0.99782 0.94492 0.96958 0.89482

Sleep 0.99159 0.0014637 0.99854 0.99506 0.95933 0.99159

Take Medicine 0.96018 0.0015267 0.99847 0.97914 0.93819 0.96018

Wash Dishes 0.98802 0.002413 0.99759 0.99279 0.9565 0.98802

Watch TV 0.9824 0.0075432 0.99246 0.98742 0.97457 0.9824

Work 0.8913 2.2465e-05 0.99998 0.94408 0.96094 0.8913

Table C.1: hh101 activity recognition accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.95887 0.00016865 0.99983 0.97914 0.98518 0.95887

Bed Toilet Transition 0.93801 0.0016773 0.99832 0.9677 0.77501 0.93801

Cook 0.99215 0.0070243 0.99298 0.99256 0.95851 0.99215

Dress 0.98109 0.0017659 0.99823 0.98962 0.93654 0.98109

Eat 0.89619 0.00076746 0.99923 0.94631 0.96017 0.89619

Enter Home 0.97419 0.0024404 0.99756 0.98581 0.92961 0.97419

Leave Home 0.26609 7.1402e-06 0.99999 0.51583 0.99592 0.26609

Other Activity 0.93035 0.023852 0.97615 0.95297 0.93122 0.93035

Personal Hygiene 0.98369 0.0066271 0.99337 0.98852 0.97753 0.98369

Relax 0.84376 0.0025767 0.99742 0.91738 0.94537 0.84376

Sleep 0.85378 0.0010556 0.99894 0.92351 0.93946 0.85378

Take Medicine 0.70619 8.904e-05 0.99991 0.84031 0.97048 0.70619

Wash Dishes 0.98961 0.0024148 0.99759 0.99359 0.95261 0.98961

Watch TV 0.61526 9.9748e-05 0.9999 0.78435 0.96438 0.61526

Work 0.99059 0.0066317 0.99337 0.99198 0.96304 0.99059

Table C.2: hh102 activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.97993 0.00030889 0.99969 0.98976 0.98599 0.97993

Bed Toilet Transition 0.99631 0.0017023 0.9983 0.9973 0.94568 0.99631

Cook 0.99714 0.006995 0.993 0.99507 0.98109 0.99714

Dress 0.76614 0.00052488 0.99948 0.87506 0.96377 0.76614

Eat 0.75835 0.00069961 0.9993 0.87053 0.96027 0.75835

Enter Home 0.78689 0.00062758 0.99937 0.88679 0.91647 0.78689

Leave Home 0.49557 0.00011647 0.99988 0.70392 0.97174 0.49557

Other Activity 0.95703 0.057095 0.94291 0.94994 0.8633 0.95703

Personal Hygiene 0.99369 0.0068401 0.99316 0.99343 0.96909 0.99369

Relax 0.45483 0.00033551 0.99966 0.6743 0.9649 0.45483

Sleep 0.99233 0.0053598 0.99464 0.99349 0.90666 0.99233

Take Medicine 0.6402 0.00022532 0.99977 0.80004 0.97561 0.6402

Wash Dishes 0.98996 0.002779 0.99722 0.99359 0.94607 0.98996

Watch TV 0.51845 0.00095718 0.99904 0.71969 0.93295 0.51845

Work 0.62643 0.0001722 0.99983 0.79141 0.98627 0.62643

Table C.3: hh103 activity recognition accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.94239 8.4641e-05 0.99992 0.97073 0.98544 0.94239

Bed Toilet Transition 0.91509 0.0068557 0.99314 0.95332 0.82234 0.91509

Cook 0.99385 0.0044242 0.99558 0.99471 0.97871 0.99385

Dress 0.93804 0.00065032 0.99935 0.96821 0.95389 0.93804

Eat 0.98247 0.0026186 0.99738 0.9899 0.96956 0.98247

Enter Home 0.80095 0.00078176 0.99922 0.89461 0.90485 0.80095

Leave Home 0.12964 8.7392e-06 0.99999 0.36006 0.98404 0.12964

Other Activity 0.87411 0.019489 0.98051 0.92578 0.9185 0.87411

Personal Hygiene 0.92927 0.0058926 0.99411 0.96114 0.94793 0.92927

Relax 0.88162 0.00082111 0.99918 0.93856 0.96477 0.88162

Sleep 0.95564 0.018091 0.98191 0.96869 0.86429 0.95564

Take Medicine 0.75124 0.00051832 0.99948 0.86652 0.93174 0.75124

Wash Dishes 0.97988 0.0013194 0.99868 0.98924 0.96975 0.97988

Watch TV 0.92579 0.006543 0.99346 0.95903 0.93137 0.92579

Work 0.98355 0.004403 0.9956 0.98955 0.965 0.98355

Table C.4: hh104 activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.98878 0.00020797 0.99979 0.99427 0.98947 0.98878

Bed Toilet Transition 0.98214 0.0031639 0.99684 0.98946 0.74891 0.98214

Cook 0.99553 0.010967 0.98903 0.99228 0.95985 0.99553

Dress 0.95609 0.0020784 0.99792 0.97678 0.93809 0.95609

Eat 0.74992 0.00032672 0.99967 0.86584 0.98109 0.74992

Enter Home 0.94748 0.0030255 0.99697 0.97191 0.92146 0.94748

Leave Home 0.38519 4.8241e-05 0.99995 0.62062 0.99099 0.38519

Other Activity 0.94778 0.048774 0.95123 0.9495 0.90749 0.94778

Personal Hygiene 0.96593 0.0074282 0.99257 0.97916 0.95093 0.96593

Relax 0.78098 0.0014376 0.99856 0.8831 0.96225 0.78098

Sleep 0.64628 0.0011046 0.9989 0.80347 0.84489 0.64628

Take Medicine 0.87297 0.00053766 0.99946 0.93408 0.95786 0.87297

Wash Dishes 0.99001 0.0044981 0.9955 0.99275 0.95011 0.99001

Watch TV 0.70172 0.0007604 0.99924 0.83737 0.93973 0.70172

Work 0.85554 0.0012681 0.99873 0.92437 0.9538 0.85554

Table C.5: hh105 activity recognition accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.33217 1.4786e-05 0.99999 0.57634 0.98446 0.33217

Bed Toilet Transition 0.012632 0 1 0.11239 1 0.012632

Cook 0.98619 0.0051629 0.99484 0.9905 0.96871 0.98619

Dress 0.9335 0.0020181 0.99798 0.9652 0.88337 0.9335

Eat 0.97264 0.003102 0.9969 0.9847 0.95628 0.97264

Enter Home 0.93634 0.0015203 0.99848 0.96691 0.95042 0.93634

Leave Home 0.097233 0 1 0.31182 1 0.097233

Other Activity 0.95895 0.076338 0.92366 0.94114 0.88857 0.95895

Personal Hygiene 0.43979 0.0012627 0.99874 0.66275 0.93923 0.43979

Relax 0.85037 0.0014417 0.99856 0.92149 0.95958 0.85037

Sleep 0.91544 0.0066563 0.99334 0.9536 0.61188 0.91544

Take Medicine 0.53091 0.00033225 0.99967 0.72851 0.93489 0.53091

Wash Dishes 0.96707 0.0021698 0.99783 0.98233 0.96469 0.96707

Watch TV 0.96419 0.0019841 0.99802 0.98096 0.96941 0.96419

Work 0.97374 0.0042713 0.99573 0.98467 0.97123 0.97374

Table C.6: hh106 activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.88536 0.00037361 0.99963 0.94076 0.97 0.88536

Bed Toilet Transition 0 0 1 0 - 0

Cook 0.97142 0.023342 0.97666 0.97403 0.91506 0.97142

Dress 0.90731 0.0020416 0.99796 0.95155 0.93692 0.90731

Eat 0.9084 0.0061542 0.99385 0.95016 0.94108 0.9084

Enter Home 0.83478 0.0014523 0.99855 0.913 0.91626 0.83478

Leave Home 0.3682 7.4409e-05 0.99993 0.60677 0.97893 0.3682

Other Activity 0.85355 0.0011693 0.99883 0.92334 0.90101 0.85355

Personal Hygiene 0.91076 0.0096516 0.99035 0.94972 0.93477 0.91076

Relax 0.91459 0.0042788 0.99572 0.95429 0.93224 0.91459

Sleep 0.9766 0.0071538 0.99285 0.98469 0.92109 0.9766

Take Medicine 0.80583 0.00033094 0.99967 0.89753 0.92531 0.80583

Wash Dishes 0.97435 0.01251 0.98749 0.9809 0.91066 0.97435

Watch TV 0.92401 0.012575 0.98743 0.95519 0.93018 0.92401

Work 0.92879 0.0040212 0.99598 0.9618 0.93667 0.92879

Table C.7: hh107 activity recognition accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.11902 0 1 0.34499 1 0.11902

Bed Toilet Transition 0.12657 3.4763e-06 1 0.35577 0.99342 0.12657

Cook 0.97434 0.0055358 0.99446 0.98435 0.96071 0.97434

Dress 0.89824 0.0017686 0.99823 0.94692 0.90916 0.89824

Eat 0.9073 0.0014675 0.99853 0.95183 0.96018 0.9073

Enter Home 0.82093 0.00035086 0.99965 0.90589 0.96927 0.82093

Leave Home 0.12878 6.9613e-06 0.99999 0.35886 0.9901 0.12878

Other Activity 0.96299 0.12686 0.87314 0.91696 0.87337 0.96299

Personal Hygiene 0.77261 0.0046673 0.99533 0.87693 0.94333 0.77261

Relax 0.73091 0.0023133 0.99769 0.85394 0.94616 0.73091

Sleep 0.95188 0.0084988 0.9915 0.97149 0.76659 0.95188

Take Medicine 0.69316 0.00025138 0.99975 0.83246 0.95918 0.69316

Wash Dishes 0.94862 0.0028624 0.99714 0.97257 0.96072 0.94862

Watch TV 0.87399 0.00090403 0.9991 0.93445 0.96883 0.87399

Work 0.76398 0.001394 0.99861 0.87345 0.95685 0.76398

Table C.8: hh108 activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.98677 0.00012936 0.99987 0.9933 0.99005 0.98677

Bed Toilet Transition 0.94969 0.00046025 0.99954 0.9743 0.90276 0.94969

Cook 0.99081 0.00847 0.99153 0.99117 0.96273 0.99081

Dress 0.97941 0.0023951 0.9976 0.98846 0.9477 0.97941

Eat 0.88386 0.00099679 0.999 0.93967 0.96795 0.88386

Enter Home 0.88242 0.00061623 0.99938 0.93908 0.96059 0.88242

Leave Home 0.25209 7.0657e-05 0.99993 0.50207 0.96556 0.25209

Other Activity 0.96462 0.057396 0.9426 0.95355 0.92348 0.96462

Personal Hygiene 0.92203 0.0025119 0.99749 0.95902 0.96656 0.92203

Relax 0.79456 0.00067446 0.99933 0.89108 0.96617 0.79456

Sleep 0.84962 0.0024538 0.99755 0.92062 0.85976 0.84962

Take Medicine 0.80831 0.00053835 0.99946 0.89882 0.96619 0.80831

Wash Dishes 0.99239 0.0026635 0.99734 0.99486 0.96838 0.99239

Watch TV 0.72512 0.00024192 0.99976 0.85143 0.95105 0.72512

Work 0.90777 0.0013874 0.99861 0.95211 0.97973 0.90777

Table C.9: hh109 activity recognition accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.97044 0.00050884 0.99949 0.98486 0.96492 0.97044

Bed Toilet Transition 0.97212 0.0012428 0.99876 0.98535 0.85179 0.97212

Cook 0.94928 0.0032952 0.9967 0.9727 0.91474 0.94928

Dress 0.87337 0.00092956 0.99907 0.93411 0.94508 0.87337

Eat 0.88378 0.0010732 0.99893 0.93959 0.95115 0.88378

Enter Home 0.81544 0.00033318 0.99967 0.90287 0.96071 0.81544

Leave Home 0.25156 2.2743e-05 0.99998 0.50156 0.98638 0.25156

Other Activity 0.96365 0.052305 0.94769 0.95564 0.93779 0.96365

Personal Hygiene 0.93184 0.0055245 0.99448 0.96265 0.94474 0.93184

Relax 0.95264 0.0010143 0.99899 0.97554 0.98059 0.95264

Sleep 0.96029 0.0047213 0.99528 0.97763 0.91218 0.96029

Take Medicine 0.79972 0.00049452 0.99951 0.89405 0.95545 0.79972

Wash Dishes 0.85824 0.001017 0.99898 0.92594 0.9204 0.85824

Watch TV 0.8682 0.0017648 0.99824 0.93095 0.94637 0.8682

Work 0.97411 0.0064045 0.9936 0.9838 0.97134 0.97411

Table C.10: hh111 activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.49343 6.4133e-06 0.99999 0.70244 0.99389 0.49343

Bed Toilet Transition 0.39869 4.7147e-05 0.99995 0.63141 0.97489 0.39869

Cook 0.92863 0.0014621 0.99854 0.96295 0.97016 0.92863

Dress 0.82183 0.00072431 0.99928 0.90622 0.96261 0.82183

Eat 0.90184 0.00090491 0.9991 0.94922 0.95666 0.90184

Enter Home 0.88914 0.0002608 0.99974 0.94282 0.97247 0.88914

Leave Home 0.36481 4.5037e-05 0.99995 0.60398 0.9773 0.36481

Other Activity 0.96552 0.083636 0.91636 0.94062 0.90014 0.96552

Personal Hygiene 0.75399 0.0012918 0.99871 0.86777 0.97608 0.75399

Relax 0.65021 0.00083988 0.99916 0.80602 0.96272 0.65021

Sleep 0.98785 0.017018 0.98298 0.98541 0.88255 0.98785

Take Medicine 0.76841 8.7902e-05 0.99991 0.87655 0.97767 0.76841

Wash Dishes 0.84782 0.00054476 0.99946 0.92052 0.97093 0.84782

Watch TV 0.91029 0.0013404 0.99866 0.95345 0.95564 0.91029

Work 0.97523 0.0047973 0.9952 0.98517 0.97776 0.97523

Table C.11: hh112 activity recognition accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.99338 0.00036051 0.99964 0.9965 0.99252 0.99338

Bed Toilet Transition 0.96705 0.00019597 0.9998 0.98329 0.96172 0.96705

Cook 0.99627 0.0054432 0.99456 0.99541 0.95065 0.99627

Dress 0.73012 0.0002816 0.99972 0.85435 0.96471 0.73012

Eat 0.69506 6.628e-05 0.99993 0.83367 0.98887 0.69506

Enter Home 0.88777 0.0002381 0.99976 0.9421 0.96828 0.88777

Leave Home 0.58395 4.6369e-05 0.99995 0.76415 0.99002 0.58395

Other Activity 0.96548 0.025248 0.97475 0.9701 0.95113 0.96548

Personal Hygiene 0.99125 0.009038 0.99096 0.99111 0.96791 0.99125

Relax 0.95503 0.0028405 0.99716 0.97587 0.95086 0.95503

Sleep 0.9806 0.00060136 0.9994 0.98995 0.97606 0.9806

Take Medicine 0.40026 0.00013867 0.99986 0.63262 0.95793 0.40026

Wash Dishes 0.97112 0.0015001 0.9985 0.98471 0.97868 0.97112

Watch TV 0.84054 0.00013896 0.99986 0.91675 0.97645 0.84054

Work 0.96927 0.0032693 0.99673 0.9829 0.97244 0.96927

Table C.12: hh113 activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.97628 6.6838e-05 0.99993 0.98804 0.98862 0.97628

Bed Toilet Transition 0.86579 5.9227e-05 0.99994 0.93045 0.97626 0.86579

Cook 0.99541 0.0034757 0.99652 0.99597 0.98865 0.99541

Dress 0.91475 5.925e-05 0.99994 0.9564 0.98025 0.91475

Eat 0.87168 0.00018024 0.99982 0.93356 0.98817 0.87168

Enter Home 0.99338 0.0023515 0.99765 0.99551 0.96501 0.99338

Leave Home 0.16327 0 1 0.40406 1 0.16327

Other Activity 0.97986 0.029513 0.97049 0.97516 0.94962 0.97986

Personal Hygiene 0.91974 0.0012983 0.9987 0.95841 0.98085 0.91974

Relax 0.96306 0.0044782 0.99552 0.97916 0.96536 0.96306

Sleep 0.93247 0.0022456 0.99775 0.96456 0.94538 0.93247

Take Medicine 0.97642 2.9623e-05 0.99997 0.98812 0.99043 0.97642

Wash Dishes 0.99732 0.0010069 0.99899 0.99816 0.97987 0.99732

Watch TV 0.71845 0 1 0.84761 1 0.71845

Work 0.85787 0.00056787 0.99943 0.92595 0.9835 0.85787

Table C.13: hh114 activity recognition accuracies.



233

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.84322 9.2416e-05 0.99991 0.91823 0.97802 0.84322

Bed Toilet Transition 0.95487 0.0062861 0.99371 0.9741 0.7192 0.95487

Cook 0.99414 0.0056729 0.99433 0.99423 0.96461 0.99414

Dress 0.98569 0.0067486 0.99325 0.98946 0.95635 0.98569

Eat 0.72364 2.9457e-05 0.99997 0.85066 0.97776 0.72364

Enter Home 0.81706 0.0011561 0.99884 0.90339 0.8421 0.81706

Housekeeping 0.97716 0.0022181 0.99778 0.98742 0.9534 0.97716

Leave Home 0.0033356 0 1 0.057754 1 0.0033356

Other Activity 0.80583 0.0050761 0.99492 0.8954 0.96 0.80583

Personal Hygiene 0.97314 0.0068366 0.99316 0.9831 0.94857 0.97314

Relax 0.74108 0.001677 0.99832 0.86014 0.90636 0.74108

Sleep 0.98018 0.0053574 0.99464 0.98738 0.9297 0.98018

Take Medicine 0.88814 0.0016235 0.99838 0.94165 0.95681 0.88814

Wash Dishes 0.97641 0.0016021 0.9984 0.98734 0.9665 0.97641

Watch TV 0.94486 0.0037886 0.99621 0.9702 0.96017 0.94486

Work 0.94654 0.022059 0.97794 0.96211 0.88403 0.94654

Table C.14: hh115 activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.99692 0.00012341 0.99988 0.9984 0.99711 0.99692

Bed Toilet Transition 0.99318 0.0007579 0.99924 0.99621 0.9799 0.99318

Cook 0.99164 0.0030354 0.99696 0.9943 0.96415 0.99164

Dress 0.75112 0.00021467 0.99979 0.86658 0.94806 0.75112

Eat 0.51502 0.00011118 0.99989 0.71761 0.95784 0.51502

Enter Home 0.57995 5.4193e-05 0.99995 0.76152 0.96965 0.57995

Leave Home 0.12491 0 1 0.35342 1 0.12491

Other Activity 0.98811 0.036882 0.96312 0.97553 0.96616 0.98811

Personal Hygiene 0.99077 0.002765 0.99723 0.994 0.98995 0.99077

Relax 0.56146 0.00019414 0.99981 0.74923 0.94589 0.56146

Sleep 0.62581 0.00077548 0.99922 0.79077 0.86616 0.62581

Take Medicine 0.24868 1.2902e-05 0.99999 0.49867 0.98258 0.24868

Wash Dishes 0.99577 0.002768 0.99723 0.9965 0.96647 0.99577

Watch TV 0.82202 7.7515e-05 0.99992 0.90662 0.97817 0.82202

Work 0.53245 4.3911e-05 0.99996 0.72968 0.97929 0.53245

Table C.15: hh116 activity recognition accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.62249 5.1448e-06 0.99999 0.78898 0.99245 0.62249

Bed Toilet Transition 0.92468 0.0015257 0.99847 0.96087 0.79335 0.92468

Cook 0.97479 0.0025847 0.99742 0.98604 0.95646 0.97479

Dress 0.94322 0.0020578 0.99794 0.97019 0.92272 0.94322

Eat 0.85702 0.00055279 0.99945 0.9255 0.97149 0.85702

Enter Home 0.80186 0.00059648 0.9994 0.8952 0.95524 0.80186

Leave Home 0.42584 3.2587e-05 0.99997 0.65256 0.99476 0.42584

Other Activity 0.98503 0.12819 0.87181 0.92669 0.9285 0.98503

Personal Hygiene 0.9015 0.0015124 0.99849 0.94875 0.97812 0.9015

Relax 0.51524 0.0001406 0.99986 0.71775 0.97987 0.51524

Sleep 0.70253 0.0011663 0.99883 0.83768 0.88747 0.70253

Take Medicine 0.86091 0.00047036 0.99953 0.92763 0.96269 0.86091

Wash Dishes 0.96908 0.0018226 0.99818 0.98352 0.96531 0.96908

Watch TV 0.79035 0.0030285 0.99697 0.88767 0.92345 0.79035

Work 0.79145 0.00079381 0.99921 0.88928 0.96737 0.79145

Table C.16: hh117 activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.79817 3.3431e-05 0.99997 0.89339 0.96667 0.79817

Bed Toilet Transition 0.97687 0.0017623 0.99824 0.98749 0.74678 0.97687

Cook 0.99415 0.0077851 0.99221 0.99318 0.9714 0.99415

Dress 0.98739 0.00060512 0.99939 0.99338 0.97681 0.98739

Eat 0.99474 0.0026683 0.99733 0.99603 0.96549 0.99474

Enter Home 0.97115 0.001335 0.99867 0.98481 0.92298 0.97115

Housekeeping 0.99601 0.0014743 0.99853 0.99726 0.97193 0.99601

Leave Home 0.50821 0.0002467 0.99975 0.7128 0.93931 0.50821

Other Activity 0.75924 0.012553 0.98745 0.86586 0.89982 0.75924

Personal Hygiene 0.93525 0.0043453 0.99565 0.96498 0.95039 0.93525

Relax 0.92448 0.0011593 0.99884 0.96094 0.95439 0.92448

Sleep 0.94298 0.0023384 0.99766 0.96993 0.85778 0.94298

Take Medicine 0.22589 3.912e-05 0.99996 0.47527 0.96067 0.22589

Wash Dishes 0.97895 0.0023842 0.99762 0.98824 0.95778 0.97895

Watch TV 0.94684 0.0013743 0.99863 0.97239 0.9523 0.94684

Work 0.98867 0.026222 0.97378 0.98119 0.93613 0.98867

Table C.17: hh118 activity recognition accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.89657 0.00051638 0.99948 0.94663 0.97044 0.89657

Bed Toilet Transition 0.98765 0.010883 0.98912 0.98838 0.79875 0.98765

Cook 0.98294 0.0058595 0.99414 0.98852 0.9615 0.98294

Dress 0.85662 0.0033201 0.99668 0.924 0.89562 0.85662

Eat 0.10864 0 1 0.3296 1 0.10864

Enter Home 0.67758 0.00049039 0.99951 0.82295 0.93635 0.67758

Housekeeping 0.9909 0 1 0.99544 1 0.9909

Leave Home 0.43454 0.00019601 0.9998 0.65913 0.95642 0.43454

Other Activity 0.78723 0.014749 0.98525 0.88069 0.91175 0.78723

Personal Hygiene 0.97724 0.016712 0.98329 0.98026 0.91901 0.97724

Relax 0.087912 0 1 0.2965 1 0.087912

Sleep 0 0 1 0 - 0

Take Medicine 0.11379 6.5104e-05 0.99993 0.33732 0.91667 0.11379

Wash Dishes 0.9854 0.0012829 0.99872 0.99203 0.97596 0.9854

Work 0.98866 0.044546 0.95545 0.97192 0.92219 0.98866

Table C.18: hh119 activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.98064 0.00010763 0.99989 0.99022 0.99589 0.98064

Bed Toilet Transition 0.97974 0.0021144 0.99789 0.98877 0.90033 0.97974

Cook 0.98075 0.0010174 0.99898 0.98982 0.97349 0.98075

Dress 0.96731 0.0020871 0.99791 0.98249 0.94957 0.96731

Eat 0.86495 0.00052512 0.99947 0.92978 0.94553 0.86495

Enter Home 0.89292 0.00066927 0.99933 0.94463 0.9438 0.89292

Leave Home 0.38883 2.7595e-05 0.99997 0.62356 0.99216 0.38883

Other Activity 0.95565 0.041417 0.95858 0.95712 0.94278 0.95565

Personal Hygiene 0.9699 0.0027311 0.99727 0.98349 0.97887 0.9699

Relax 0.93579 0.00080615 0.99919 0.96697 0.96277 0.93579

Sleep 0.92207 0.0067688 0.99323 0.95699 0.89443 0.92207

Take Medicine 0.77261 0.00063258 0.99937 0.87871 0.96144 0.77261

Wash Dishes 0.96225 0.00045484 0.99955 0.98072 0.97468 0.96225

Watch TV 0.97413 0.0044259 0.99557 0.98479 0.96495 0.97413

Work 0.97426 0.0045536 0.99545 0.9848 0.95272 0.97426

Table C.19: hh120 activity recognition accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.99581 0.00043822 0.99956 0.99768 0.97446 0.99581

Bed Toilet Transition 0.90631 0.0011769 0.99882 0.95144 0.90742 0.90631

Cook 0.99324 0.0043755 0.99562 0.99443 0.96984 0.99324

Dress 0.61762 0.00013964 0.99986 0.78583 0.97256 0.61762

Eat 0.7715 0.00065604 0.99934 0.87806 0.94567 0.7715

Enter Home 0.40899 3.8619e-05 0.99996 0.63951 0.97449 0.40899

Leave Home 0.26842 7.73e-06 0.99999 0.51809 0.99351 0.26842

Other Activity 0.96274 0.059292 0.94071 0.95166 0.92505 0.96274

Personal Hygiene 0.92651 0.0076343 0.99237 0.95887 0.94194 0.92651

Relax 0.88497 0.00033734 0.99966 0.94057 0.9807 0.88497

Sleep 0.87427 0.0039348 0.99607 0.93318 0.89174 0.87427

Take Medicine 0.59212 9.3025e-05 0.99991 0.76946 0.97887 0.59212

Wash Dishes 0.99065 0.0032372 0.99676 0.9937 0.97254 0.99065

Watch TV 0.91662 0.0024469 0.99755 0.95623 0.94081 0.91662

Work 0.89276 0.0030298 0.99697 0.94343 0.94963 0.89276

Table C.20: hh122 activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.99379 0.00026528 0.99973 0.99676 0.97859 0.99379

Bed Toilet Transition 0.99708 0.00016015 0.99984 0.99846 0.97575 0.99708

Cook 0.99454 0.0068294 0.99317 0.99386 0.96713 0.99454

Dress 0.98541 0.0037125 0.99629 0.99083 0.93869 0.98541

Eat 0.96632 0.0020897 0.99791 0.98199 0.93955 0.96632

Enter Home 0.91842 0.00030276 0.9997 0.9582 0.97034 0.91842

Leave Home 0.57346 0 1 0.75727 1 0.57346

Other Activity 0.91584 0.030514 0.96949 0.94228 0.92969 0.91584

Personal Hygiene 0.98801 0.0027178 0.99728 0.99264 0.96085 0.98801

Relax 0.84241 0.00076036 0.99924 0.91748 0.96907 0.84241

Sleep 0.8503 0.0045264 0.99547 0.92003 0.902 0.8503

Take Medicine 0.71797 0.00054947 0.99945 0.8471 0.94063 0.71797

Wash Dishes 0.99281 0.0047639 0.99524 0.99402 0.96929 0.99281

Watch TV 0.9766 0.0088652 0.99113 0.98384 0.93668 0.9766

Work 0 0 1 0 - 0

Table C.21: hh123 activity recognition accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.98636 0.00015659 0.99984 0.99308 0.99395 0.98636

Bed Toilet Transition 0.93501 0.00028772 0.99971 0.96682 0.91917 0.93501

Cook 0.99422 0.012714 0.98729 0.99075 0.95485 0.99422

Dress 0.80466 0.00056605 0.99943 0.89677 0.96609 0.80466

Eat 0.70003 0.00041371 0.99959 0.8365 0.96568 0.70003

Enter Home 0.78868 0.00056733 0.99943 0.88782 0.95083 0.78868

Leave Home 0.47518 0.00017825 0.99982 0.68927 0.97455 0.47518

Other Activity 0.9518 0.052345 0.94765 0.94973 0.90281 0.9518

Personal Hygiene 0.98446 0.012534 0.98747 0.98596 0.92966 0.98446

Relax 0.68594 0.00062888 0.99937 0.82795 0.96084 0.68594

Sleep 0.89685 0.0013686 0.99863 0.94638 0.86873 0.89685

Take Medicine 0.56211 0.00029487 0.99971 0.74963 0.95855 0.56211

Wash Dishes 0.9853 0.0075145 0.99249 0.98889 0.9423 0.9853

Watch TV 0.72018 0.0011236 0.99888 0.84816 0.95607 0.72018

Work 0.80907 0.00057839 0.99942 0.89922 0.97242 0.80907

Table C.22: hh125 activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.9728 0.00043766 0.99956 0.98609 0.93875 0.9728

Bed Toilet Transition 0.54808 9.7847e-05 0.9999 0.74029 0.93956 0.54808

Cook 0.97886 0.0097404 0.99026 0.98454 0.93322 0.97886

Dress 0.81119 0.0015651 0.99843 0.89996 0.91155 0.81119

Eat 0.69682 0.00080087 0.9992 0.83442 0.9262 0.69682

Enter Home 0.85362 0.0012176 0.99878 0.92335 0.94463 0.85362

Leave Home 0.75809 0.0010018 0.999 0.87025 0.95289 0.75809

Other Activity 0.96352 0.10601 0.89399 0.9281 0.88107 0.96352

Personal Hygiene 0.94358 0.0037075 0.99629 0.96958 0.96842 0.94358

Relax 0.80012 0.00096696 0.99903 0.89406 0.97551 0.80012

Sleep 0.70768 0.0045436 0.99546 0.83932 0.61533 0.70768

Take Medicine 0.78388 0.0009162 0.99908 0.88496 0.91507 0.78388

Wash Dishes 0.96444 0.0023367 0.99766 0.98091 0.95332 0.96444

Watch TV 0.81564 0.0029627 0.99704 0.90179 0.96181 0.81564

Work 0.61986 0.00057535 0.99942 0.78708 0.96952 0.61986

Table C.23: hh126 activity recognition accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.98843 0.001148 0.99885 0.99363 0.92977 0.98843

Bed Toilet Transition 0 0 1 0 - 0

Cook 0.9485 0.0011708 0.99883 0.97334 0.94487 0.9485

Dress 0.84536 0.0013704 0.99863 0.9188 0.88529 0.84536

Eat 0.94481 0.0015651 0.99843 0.97125 0.95435 0.94481

Enter Home 0 0 1 0 - 0

Leave Home 0.99863 0.0091802 0.99082 0.99472 0.97396 0.99863

Other Activity 0.90669 0.0027376 0.99726 0.9509 0.97748 0.90669

Personal Hygiene 0.86314 0.0023247 0.99768 0.92797 0.88587 0.86314

Relax 0.97326 0.0026055 0.99739 0.98526 0.96287 0.97326

Sleep 0.99956 0.0029781 0.99702 0.99829 0.99481 0.99956

Wash Dishes 0.87946 0.00041699 0.99958 0.9376 0.9381 0.87946

Watch TV 0.9642 0.0050446 0.99496 0.97946 0.94197 0.9642

Work 0.94891 0.00014489 0.99986 0.97405 0.98634 0.94891

Table C.24: hh127 activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe 0.87416 4.8228e-06 1 0.93496 0.99488 0.87416

Bed Toilet Transition 0.36681 2.8972e-05 0.99997 0.60564 0.96657 0.36681

Cook 0.98562 0.0054418 0.99456 0.99008 0.94109 0.98562

Dress 0.84311 0.0012911 0.99871 0.91762 0.93719 0.84311

Eat 0.67545 0.00027461 0.99973 0.82175 0.95608 0.67545

Enter Home 0.63554 0.0002986 0.9997 0.79709 0.94319 0.63554

Leave Home 0.22292 4.8531e-05 0.99995 0.47213 0.97131 0.22292

Other Activity 0.97488 0.075385 0.92462 0.94941 0.92126 0.97488

Personal Hygiene 0.95451 0.0087359 0.99126 0.97271 0.97007 0.95451

Relax 0.6552 0.00030828 0.99969 0.80932 0.97093 0.6552

Sleep 0.88731 0.0024762 0.99752 0.94081 0.83162 0.88731

Take Medicine 0.77868 0.00032977 0.99967 0.88229 0.97079 0.77868

Wash Dishes 0.96914 0.0026482 0.99735 0.98315 0.94616 0.96914

Watch TV 0.9332 0.00062169 0.99938 0.96572 0.98663 0.9332

Work 0.81089 0.00070778 0.99929 0.90017 0.9726 0.81089

Table C.25: hh128 activity recognition accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bed Toilet Transition 0.94132 0.0001697 0.99983 0.97014 0.98223 0.94132

Cook 0.89075 0.00073934 0.99926 0.94345 0.949 0.89075

Eat 0.96564 0.00038413 0.99962 0.98248 0.96769 0.96564

Enter Home 0.42342 8.7183e-05 0.99991 0.65068 0.77049 0.42342

Leave Home 0.99791 0.0055201 0.99448 0.99619 0.97567 0.99791

Other Activity 0.94749 0.0012376 0.99876 0.97279 0.9779 0.94749

Personal Hygiene 0.95467 0.0013229 0.99868 0.97643 0.96811 0.95467

Relax 0.97139 0.00048431 0.99952 0.98535 0.99045 0.97139

Sleep 0.99953 0.0044141 0.99559 0.99756 0.99737 0.99953

Wash Dishes 0.64451 0.00019333 0.99981 0.80274 0.87795 0.64451

Watch TV 0.9749 0.00019451 0.99981 0.98728 0.97639 0.9749

Work 0 0 1 0 - 0

Table C.26: hh129 activity recognition accuracies.

.
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D ACTIVITY FORECASTING RESULTS

Here we present a selection of results from the forecasting experiments.

0 1 ←guessed

63586 0 0 = False

208 675 1 = True

Table D.1: Results for navan 2014 Bathe forecasting, with an accuracy of 99.677.

0 1 ←guessed

63591 0 0 = False

832 46 1 = True

Table D.2: Results for navan 2014 Bed Toilet Transition forecasting, with an accuracy of

98.709.

0 1 ←guessed

63900 6 0 = False

77 486 1 = True

Table D.3: Results for navan 2014 Cook forecasting, with an accuracy of 99.871.
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0 1 ←guessed

63417 4 0 = False

570 478 1 = True

Table D.4: Results for navan 2014 Drink forecasting, with an accuracy of 99.11.

0 1 ←guessed

63870 0 0 = False

246 353 1 = True

Table D.5: Results for navan 2014 Eat forecasting, with an accuracy of 99.618.

0 1 ←guessed

63860 0 0 = False

475 134 1 = True

Table D.6: Results for navan 2014 Enter Home forecasting, with an accuracy of 99.263.

0 1 ←guessed

63816 0 0 = False

436 217 1 = True

Table D.7: Results for navan 2014 Leave Home forecasting, with an accuracy of 99.324.
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0 1 ←guessed

32286 952 0 = False

828 30403 1 = True

Table D.8: Results for navan 2014 Other Activity forecasting, with an accuracy of 97.239.

0 1 ←guessed

64292 0 0 = False

17 160 1 = True

Table D.9: Results for navan 2014 Relax forecasting, with an accuracy of 99.974.

0 1 ←guessed

39713 38 0 = False

224 24494 1 = True

Table D.10: Results for navan 2014 Sleep forecasting, with an accuracy of 99.594.

0 1 ←guessed

56326 14 0 = False

2959 5170 1 = True

Table D.11: Results for navan 2014 Toilet forecasting, with an accuracy of 95.388.
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0 1 ←guessed

64457 0 0 = False

12 0 1 = True

Table D.12: Results for navan 2014 Wash Dishes forecasting, with an accuracy of 99.981.

0 1 ←guessed

46396 360 0 = False

404 17309 1 = True

Table D.13: Results for navan 2014 Watch TV forecasting, with an accuracy of 98.815.

0 1 ←guessed

54517 109 0 = False

937 8906 1 = True

Table D.14: Results for navan 2014 Work On Computer forecasting, with an accuracy of

98.378.

0 1 ←guessed

227368 1 0 = False

1426 1600 1 = True

Table D.15: Results for navan 2012 Bathe forecasting, with an accuracy of 99.381.
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0 1 ←guessed

229253 0 0 = False

1106 36 1 = True

Table D.16: Results for navan 2012 Bed Toilet Transition forecasting, with an accuracy

of 99.52.

0 1 ←guessed

229868 0 0 = False

324 203 1 = True

Table D.17: Results for navan 2012 Cook forecasting, with an accuracy of 99.859.

0 1 ←guessed

226301 13 0 = False

2895 1186 1 = True

Table D.18: Results for navan 2012 Drink forecasting, with an accuracy of 98.738.

0 1 ←guessed

230223 0 0 = False

73 99 1 = True

Table D.19: Results for navan 2012 Eat forecasting, with an accuracy of 99.968.
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0 1 ←guessed

226849 0 0 = False

3224 322 1 = True

Table D.20: Results for navan 2012 Enter Home forecasting, with an accuracy of 98.601.

0 1 ←guessed

230239 0 0 = False

42 114 1 = True

Table D.21: Results for navan 2012 Entertain Guests forecasting, with an accuracy of

99.982.

0 1 ←guessed

160550 489 0 = False

1661 67695 1 = True

Table D.22: Results for navan 2012 Leave Home forecasting, with an accuracy of 99.067.

0 1 ←guessed

166710 1827 0 = False

12201 49657 1 = True

Table D.23: Results for navan 2012 Other Activity forecasting, with an accuracy of 93.911.
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0 1 ←guessed

230088 0 0 = False

104 203 1 = True

Table D.24: Results for navan 2012 Relax forecasting, with an accuracy of 99.955.

0 1 ←guessed

155804 444 0 = False

974 73173 1 = True

Table D.25: Results for navan 2012 Sleep forecasting, with an accuracy of 99.385.

0 1 ←guessed

211789 13 0 = False

13229 5364 1 = True

Table D.26: Results for navan 2012 Toilet forecasting, with an accuracy of 94.252.

0 1 ←guessed

174380 1179 0 = False

2199 52637 1 = True

Table D.27: Results for navan 2012 Watch TV forecasting, with an accuracy of 98.534.
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0 1 ←guessed

229259 0 0 = False

800 336 1 = True

Table D.28: Results for navan 2012 Water Plants forecasting, with an accuracy of 99.653.

0 1 ←guessed

209279 226 0 = False

4486 16404 1 = True

Table D.29: Results for navan 2012 Work On Computer forecasting, with an accuracy of

97.955.

.
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E ACTIVITY FORECASTING RESULTS PER ACTIVITY

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 0.99989 0.13463 0.86537 0.9302 0.99762 0.99989

Bathe-True 0.86537 0.00010684 0.99989 0.9302 0.99308 0.86537

Bed Toilet Transition-False 1 0.84291 0.15709 0.39634 0.99743 1

Bed Toilet Transition-True 0.15709 0 1 0.39634 1 0.15709

Cook-False 0.99998 0.34221 0.65779 0.81103 0.99116 0.99998

Cook-True 0.65779 2.3936e-05 0.99998 0.81103 0.99861 0.65779

Dress-False 0.99961 0.36181 0.63819 0.79871 0.99168 0.99961

Dress-True 0.63819 0.00039384 0.99961 0.79871 0.97408 0.63819

Eat-False 0.99959 0.14308 0.85692 0.92551 0.99567 0.99959

Eat-True 0.85692 0.00040864 0.99959 0.92551 0.98456 0.85692

Enter Home-False 0.99999 0.49123 0.50877 0.71328 0.98676 0.99999

Enter Home-True 0.50877 1.1983e-05 0.99999 0.71328 0.99914 0.50877

Leave Home-False 0.99968 0.25573 0.74427 0.86258 0.98772 0.99968

Leave Home-True 0.74427 0.000318 0.99968 0.86258 0.99128 0.74427

Other Activity-False 0.9975 0.14348 0.85652 0.92433 0.9587 0.9975

Other Activity-True 0.85652 0.002501 0.9975 0.92433 0.99034 0.85652

Personal Hygiene-False 0.9996 0.44003 0.55997 0.74816 0.95991 0.9996

Personal Hygiene-True 0.55997 0.00039589 0.9996 0.74816 0.9926 0.55997

Sleep-False 0.99628 0.50738 0.49262 0.70056 0.91882 0.99628

Sleep-True 0.49262 0.0037231 0.99628 0.70056 0.95826 0.49262

Take Medicine-False 0.99994 0.53387 0.46613 0.68271 0.99148 0.99994

Take Medicine-True 0.46613 5.9259e-05 0.99994 0.68271 0.99216 0.46613

Wash Dishes-False 0.99999 0.47464 0.52536 0.72481 0.9914 0.99999

Wash Dishes-True 0.52536 1.1877e-05 0.99999 0.72481 0.99876 0.52536

Watch TV-False 0.99394 0.029113 0.97089 0.98234 0.98806 0.99394

Watch TV-True 0.97089 0.0060633 0.99394 0.98234 0.98509 0.97089

Work-False 1 0.25 0.75 0.86603 0.99985 1

Work-True 0.75 0 1 0.86603 1 0.75

Table E.1: hh101 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 1 0.27194 0.72806 0.85326 0.99787 1

Bathe-True 0.72806 0 1 0.85326 1 0.72806

Bed Toilet Transition-False 1 0.93939 0.060606 0.24618 0.99305 1

Bed Toilet Transition-True 0.060606 0 1 0.24618 1 0.060606

Cook-False 0.99987 0.27613 0.72387 0.85075 0.98648 0.99987

Cook-True 0.72387 0.00012938 0.99987 0.85075 0.99641 0.72387

Dress-False 0.99982 0.33195 0.66805 0.81727 0.99364 0.99982

Dress-True 0.66805 0.00018275 0.99982 0.81727 0.986 0.66805

Eat-False 0.99974 0.10941 0.89059 0.94359 0.99611 0.99974

Eat-True 0.89059 0.00025532 0.99974 0.94359 0.99202 0.89059

Enter Home-False 0.99989 0.47538 0.52462 0.72427 0.98927 0.99989

Enter Home-True 0.52462 0.00011462 0.99989 0.72427 0.99051 0.52462

Leave Home-False 0.99626 0.071272 0.92873 0.9619 0.98406 0.99626

Leave Home-True 0.92873 0.0037381 0.99626 0.9619 0.98253 0.92873

Other Activity-False 0.99067 0.18983 0.81017 0.89589 0.95263 0.99067

Other Activity-True 0.81017 0.0093293 0.99067 0.89589 0.95751 0.81017

Personal Hygiene-False 0.99885 0.21452 0.78548 0.88577 0.97562 0.99885

Personal Hygiene-True 0.78548 0.0011509 0.99885 0.88577 0.98756 0.78548

Relax-False 0.99754 0.025333 0.97467 0.98604 0.99357 0.99754

Relax-True 0.97467 0.0024607 0.99754 0.98604 0.99019 0.97467

Sleep-False 0.98003 0.26136 0.73864 0.85081 0.93231 0.98003

Sleep-True 0.73864 0.019974 0.98003 0.85081 0.90965 0.73864

Take Medicine-False 1 0.59278 0.40722 0.63814 0.99594 1

Take Medicine-True 0.40722 0 1 0.63814 1 0.40722

Wash Dishes-False 0.99998 0.32437 0.67563 0.82196 0.99342 0.99998

Wash Dishes-True 0.67563 2.287e-05 0.99998 0.82196 0.99834 0.67563

Watch TV-False 0.99997 0.037255 0.96275 0.98118 0.99913 0.99997

Watch TV-True 0.96275 3.4405e-05 0.99997 0.98118 0.99847 0.96275

Work-False 0.9998 0.15129 0.84871 0.92116 0.99005 0.9998

Work-True 0.84871 0.00020316 0.9998 0.92116 0.99641 0.84871

Table E.2: hh102 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 1 0.29844 0.70156 0.83759 0.99768 1

Bathe-True 0.70156 0 1 0.83759 1 0.70156

Bed Toilet Transition-False 1 0.8458 0.1542 0.39268 0.98204 1

Bed Toilet Transition-True 0.1542 0 1 0.39268 1 0.1542

Cook-False 0.9997 0.28903 0.71097 0.84306 0.98582 0.9997

Cook-True 0.71097 0.00030456 0.9997 0.84306 0.99146 0.71097

Dress-False 1 0.59355 0.40645 0.63753 0.99082 1

Dress-True 0.40645 0 1 0.63753 1 0.40645

Eat-False 0.99746 0.06074 0.93926 0.96792 0.99496 0.99746

Eat-True 0.93926 0.0025403 0.99746 0.96792 0.96852 0.93926

Enter Home-False 1 0.95122 0.04878 0.22086 0.98065 1

Enter Home-True 0.04878 0 1 0.22086 1 0.04878

Leave Home-False 0.99999 0.71697 0.28303 0.532 0.98515 0.99999

Leave Home-True 0.28303 1.2343e-05 0.99999 0.532 0.99793 0.28303

Other Activity-False 0.99321 0.11884 0.88116 0.93551 0.93764 0.99321

Other Activity-True 0.88116 0.0067895 0.99321 0.93551 0.98633 0.88116

Personal Hygiene-False 0.99885 0.46326 0.53674 0.73221 0.95396 0.99885

Personal Hygiene-True 0.53674 0.0011478 0.99885 0.73221 0.97986 0.53674

Relax-False 0.99955 0.0915 0.9085 0.95294 0.9905 0.99955

Relax-True 0.9085 0.00045408 0.99955 0.95294 0.99525 0.9085

Sleep-False 0.99716 0.40928 0.59072 0.76749 0.91573 0.99716

Sleep-True 0.59072 0.0028414 0.99716 0.76749 0.979 0.59072

Take Medicine-False 0.99996 0.65004 0.34996 0.59156 0.99018 0.99996

Take Medicine-True 0.34996 3.6819e-05 0.99996 0.59156 0.99315 0.34996

Wash Dishes-False 0.99959 0.34185 0.65815 0.8111 0.99278 0.99959

Wash Dishes-True 0.65815 0.00040741 0.99959 0.8111 0.97172 0.65815

Watch TV-False 0.99864 0.14271 0.85729 0.92527 0.98277 0.99864

Watch TV-True 0.85729 0.0013571 0.99864 0.92527 0.98726 0.85729

Work-False 0.99956 0.12808 0.87192 0.93356 0.99134 0.99956

Work-True 0.87192 0.00043902 0.99956 0.93356 0.99267 0.87192

Table E.3: hh103 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 1 0.4749 0.5251 0.72464 0.99719 1

Bathe-True 0.5251 0 1 0.72464 1 0.5251

Bed Toilet Transition-False 0.99987 0.54052 0.45948 0.67781 0.96416 0.99987

Bed Toilet Transition-True 0.45948 0.00013384 0.99987 0.67781 0.99578 0.45948

Cook-False 0.99971 0.17805 0.82195 0.90648 0.98754 0.99971

Cook-True 0.82195 0.0002926 0.99971 0.90648 0.995 0.82195

Dress-False 0.99999 0.42455 0.57545 0.75858 0.99464 0.99999

Dress-True 0.57545 1.1529e-05 0.99999 0.75858 0.99842 0.57545

Eat-False 0.99986 0.26463 0.73537 0.85748 0.98808 0.99986

Eat-True 0.73537 0.00014284 0.99986 0.85748 0.99576 0.73537

Enter Home-False 0.99995 0.51191 0.48809 0.69862 0.98687 0.99995

Enter Home-True 0.48809 4.6722e-05 0.99995 0.69862 0.99633 0.48809

Leave Home-False 0.99832 0.13041 0.86959 0.93173 0.98897 0.99832

Leave Home-True 0.86959 0.0016805 0.99832 0.93173 0.97786 0.86959

Other Activity-False 0.99444 0.24203 0.75797 0.86819 0.89807 0.99444

Other Activity-True 0.75797 0.0055591 0.99444 0.86819 0.98452 0.75797

Personal Hygiene-False 0.99953 0.40896 0.59104 0.76861 0.95656 0.99953

Personal Hygiene-True 0.59104 0.00046799 0.99953 0.76861 0.99292 0.59104

Relax-False 0.99953 0.10896 0.89104 0.94372 0.99272 0.99953

Relax-True 0.89104 0.00047386 0.99953 0.94372 0.99215 0.89104

Sleep-False 0.8966 0.047566 0.95243 0.92409 0.97501 0.8966

Sleep-True 0.95243 0.1034 0.8966 0.92409 0.81651 0.95243

Take Medicine-False 0.99999 0.56815 0.43185 0.65715 0.99092 0.99999

Take Medicine-True 0.43185 1.1568e-05 0.99999 0.65715 0.99834 0.43185

Wash Dishes-False 0.99987 0.2942 0.7058 0.84007 0.99254 0.99987

Wash Dishes-True 0.7058 0.00012843 0.99987 0.84007 0.99293 0.7058

Watch TV-False 0.99553 0.093587 0.90641 0.94993 0.9808 0.99553

Watch TV-True 0.90641 0.0044707 0.99553 0.94993 0.97687 0.90641

Work-False 0.99848 0.11768 0.88232 0.93861 0.98249 0.99848

Work-True 0.88232 0.0015204 0.99848 0.93861 0.98874 0.88232

Table E.4: hh104 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 1 0.29004 0.70996 0.84259 0.99847 1

Bathe-True 0.70996 0 1 0.84259 1 0.70996

Bed Toilet Transition-False 1 0.85878 0.14122 0.37579 0.99403 1

Bed Toilet Transition-True 0.14122 0 1 0.37579 1 0.14122

Cook-False 0.99981 0.25756 0.74244 0.86157 0.98928 0.99981

Cook-True 0.74244 0.00019021 0.99981 0.86157 0.99394 0.74244

Dress-False 0.99999 0.38415 0.61585 0.78476 0.99493 0.99999

Dress-True 0.61585 1.156e-05 0.99999 0.78476 0.99859 0.61585

Eat-False 0.99992 0.18528 0.81472 0.90258 0.99558 0.99992

Eat-True 0.81472 8.1773e-05 0.99992 0.90258 0.99583 0.81472

Enter Home-False 1 0.64748 0.35252 0.59373 0.98238 1

Enter Home-True 0.35252 0 1 0.59373 1 0.35252

Leave Home-False 0.9991 0.070213 0.92979 0.96382 0.99345 0.9991

Leave Home-True 0.92979 0.0008985 0.9991 0.96382 0.98981 0.92979

Other Activity-False 0.9916 0.068171 0.93183 0.96125 0.96794 0.9916

Other Activity-True 0.93183 0.0084021 0.9916 0.96125 0.98163 0.93183

Personal Hygiene-False 0.99973 0.32912 0.67088 0.81896 0.9815 0.99973

Personal Hygiene-True 0.67088 0.00026535 0.99973 0.81896 0.99314 0.67088

Relax-False 0.99928 0.048631 0.95137 0.97503 0.99567 0.99928

Relax-True 0.95137 0.00072088 0.99928 0.97503 0.9916 0.95137

Sleep-False 0.99931 0.46292 0.53708 0.73261 0.95604 0.99931

Sleep-True 0.53708 0.00068975 0.99931 0.73261 0.98723 0.53708

Take Medicine-False 1 0.56563 0.43438 0.65907 0.99586 1

Take Medicine-True 0.43438 0 1 0.65907 1 0.43438

Wash Dishes-False 0.99998 0.25216 0.74784 0.86477 0.99527 0.99998

Wash Dishes-True 0.74784 2.3247e-05 0.99998 0.86477 0.99835 0.74784

Watch TV-False 0.99837 0.052524 0.94748 0.97259 0.99818 0.99837

Watch TV-True 0.94748 0.0016289 0.99837 0.97259 0.95267 0.94748

Work-False 0.99988 0.11283 0.88717 0.94184 0.99588 0.99988

Work-True 0.88717 0.00011827 0.99988 0.94184 0.99638 0.88717

Table E.5: hh105 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 0.99998 0.20833 0.79167 0.88975 0.99722 0.99998

Bathe-True 0.79167 2.2721e-05 0.99998 0.88975 0.99786 0.79167

Bed Toilet Transition-False 1 0.98989 0.010114 0.10057 0.99122 1

Bed Toilet Transition-True 0.010114 0 1 0.10057 1 0.010114

Cook-False 0.99991 0.29199 0.70801 0.8414 0.99 0.99991

Cook-True 0.70801 9.2788e-05 0.99991 0.8414 0.99623 0.70801

Dress-False 0.99991 0.34572 0.65428 0.80884 0.99473 0.99991

Dress-True 0.65428 9.1058e-05 0.99991 0.80884 0.99099 0.65428

Eat-False 0.99951 0.08791 0.91209 0.9548 0.99444 0.99951

Eat-True 0.91209 0.00048888 0.99951 0.9548 0.99164 0.91209

Enter Home-False 1 0.66766 0.33234 0.57649 0.97966 1

Enter Home-True 0.33234 0 1 0.57649 1 0.33234

Leave Home-False 0.99865 0.072985 0.92701 0.96217 0.99019 0.99865

Leave Home-True 0.92701 0.0013494 0.99865 0.96217 0.98937 0.92701

Other Activity-False 0.98368 0.078934 0.92107 0.95186 0.93344 0.98368

Other Activity-True 0.92107 0.016325 0.98368 0.95186 0.98045 0.92107

Personal Hygiene-False 0.99905 0.24655 0.75345 0.8676 0.96789 0.99905

Personal Hygiene-True 0.75345 0.00095382 0.99905 0.8676 0.99067 0.75345

Relax-False 0.9998 0.20249 0.79751 0.89294 0.98956 0.9998

Relax-True 0.79751 0.0002005 0.9998 0.89294 0.9952 0.79751

Sleep-False 0.98375 0.53952 0.46048 0.67305 0.91253 0.98375

Sleep-True 0.46048 0.016252 0.98375 0.67305 0.83199 0.46048

Take Medicine-False 1 0.78561 0.21439 0.46302 0.98734 1

Take Medicine-True 0.21439 0 1 0.46302 1 0.21439

Wash Dishes-False 0.99962 0.21271 0.78729 0.88713 0.99538 0.99962

Wash Dishes-True 0.78729 0.00037802 0.99962 0.88713 0.97846 0.78729

Watch TV-False 0.99975 0.044838 0.95516 0.9772 0.99811 0.99975

Watch TV-True 0.95516 0.00024536 0.99975 0.9772 0.99395 0.95516

Work-False 0.99938 0.085809 0.91419 0.95584 0.99248 0.99938

Work-True 0.91419 0.00062222 0.99938 0.95584 0.99235 0.91419

Table E.6: hh106 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 0.99982 0.20084 0.79916 0.89388 0.99451 0.99982

Bathe-True 0.79916 0.00018412 0.99982 0.89388 0.99169 0.79916

Bed Toilet Transition-False 1 0.98083 0.019172 0.13846 0.94953 1

Bed Toilet Transition-True 0.019172 0 1 0.13846 1 0.019172

Cook-False 0.99933 0.050103 0.9499 0.9743 0.99459 0.99933

Cook-True 0.9499 0.00067042 0.99933 0.9743 0.99354 0.9499

Dress-False 0.99953 0.23105 0.76895 0.87669 0.98969 0.99953

Dress-True 0.76895 0.00046819 0.99953 0.87669 0.98668 0.76895

Eat-False 0.99935 0.059429 0.94057 0.96952 0.99572 0.99935

Eat-True 0.94057 0.00064854 0.99935 0.96952 0.99056 0.94057

Enter Home-False 0.99995 0.34259 0.65741 0.81079 0.98376 0.99995

Enter Home-True 0.65741 4.6957e-05 0.99995 0.81079 0.99852 0.65741

Leave Home-False 0.99934 0.10596 0.89404 0.94523 0.97185 0.99934

Leave Home-True 0.89404 0.00065592 0.99934 0.94523 0.99732 0.89404

Other Activity-False 0.99917 0.095732 0.90427 0.95053 0.98777 0.99917

Other Activity-True 0.90427 0.00083468 0.99917 0.95053 0.99291 0.90427

Personal Hygiene-False 0.99767 0.098871 0.90113 0.94817 0.98218 0.99767

Personal Hygiene-True 0.90113 0.002332 0.99767 0.94817 0.98606 0.90113

Relax-False 0.99941 0.086435 0.91357 0.95552 0.99118 0.99941

Relax-True 0.91357 0.0005929 0.99941 0.95552 0.99373 0.91357

Sleep-False 0.89061 0.0048191 0.99518 0.94145 0.99815 0.89061

Sleep-True 0.99518 0.10939 0.89061 0.94145 0.75755 0.99518

Take Medicine-False 0.99986 0.23282 0.76718 0.87583 0.99724 0.99986

Take Medicine-True 0.76718 0.00013599 0.99986 0.87583 0.98529 0.76718

Wash Dishes-False 0.99944 0.082137 0.91786 0.95779 0.99354 0.99944

Wash Dishes-True 0.91786 0.00055597 0.99944 0.95779 0.99241 0.91786

Watch TV-False 0.99748 0.025209 0.97479 0.98607 0.9944 0.99748

Watch TV-True 0.97479 0.0025197 0.99748 0.98607 0.98853 0.97479

Work-False 0.99954 0.11108 0.88892 0.94261 0.99117 0.99954

Work-True 0.88892 0.0004597 0.99954 0.94261 0.99359 0.88892

Table E.7: hh107 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 0.99993 0.14826 0.85174 0.92286 0.99668 0.99993

Bathe-True 0.85174 6.9858e-05 0.99993 0.92286 0.99636 0.85174

Bed Toilet Transition-False 1 0.95856 0.041436 0.20356 0.98814 1

Bed Toilet Transition-True 0.041436 0 1 0.20356 1 0.041436

Cook-False 0.99981 0.26342 0.73658 0.85816 0.98947 0.99981

Cook-True 0.73658 0.00018955 0.99981 0.85816 0.99367 0.73658

Dress-False 0.99994 0.38783 0.61217 0.78239 0.99079 0.99994

Dress-True 0.61217 5.83e-05 0.99994 0.78239 0.99604 0.61217

Eat-False 0.99952 0.11131 0.88869 0.94248 0.99478 0.99952

Eat-True 0.88869 0.00047696 0.99952 0.94248 0.98874 0.88869

Enter Home-False 0.99996 0.72957 0.27043 0.52002 0.97516 0.99996

Enter Home-True 0.27043 3.5354e-05 0.99996 0.52002 0.99627 0.27043

Leave Home-False 0.99896 0.10093 0.89907 0.9477 0.986 0.99896

Leave Home-True 0.89907 0.001039 0.99896 0.9477 0.99184 0.89907

Other Activity-False 0.94977 0.060057 0.93994 0.94484 0.9464 0.94977

Other Activity-True 0.93994 0.050233 0.94977 0.94484 0.9437 0.93994

Personal Hygiene-False 0.99834 0.21031 0.78969 0.8879 0.9659 0.99834

Personal Hygiene-True 0.78969 0.0016619 0.99834 0.8879 0.9876 0.78969

Relax-False 0.99908 0.1388 0.8612 0.92758 0.98096 0.99908

Relax-True 0.8612 0.00092143 0.99908 0.92758 0.9924 0.8612

Sleep-False 0.90268 0.013164 0.98684 0.94382 0.99518 0.90268

Sleep-True 0.98684 0.097316 0.90268 0.94382 0.77088 0.98684

Take Medicine-False 1 0.47586 0.52414 0.72398 0.99458 1

Take Medicine-True 0.52414 0 1 0.72398 1 0.52414

Wash Dishes-False 0.99991 0.22527 0.77473 0.88015 0.99212 0.99991

Wash Dishes-True 0.77473 9.4311e-05 0.99991 0.88015 0.99656 0.77473

Watch TV-False 0.99958 0.085444 0.91456 0.95612 0.99557 0.99958

Watch TV-True 0.91456 0.00041928 0.99958 0.95612 0.99126 0.91456

Work-False 0.99968 0.082217 0.91778 0.95786 0.99347 0.99968

Work-True 0.91778 0.00031971 0.99968 0.95786 0.99566 0.91778

Table E.8: hh108 activity forecasting accuracies.



256

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 0.99998 0.15429 0.84571 0.91961 0.99878 0.99998

Bathe-True 0.84571 2.2953e-05 0.99998 0.91961 0.99657 0.84571

Bed Toilet Transition-False 1 0.96846 0.03154 0.17759 0.98811 1

Bed Toilet Transition-True 0.03154 0 1 0.17759 1 0.03154

Cook-False 0.99933 0.14653 0.85347 0.92353 0.98995 0.99933

Cook-True 0.85347 0.00066962 0.99933 0.92353 0.98879 0.85347

Dress-False 0.99968 0.28883 0.71117 0.84317 0.9917 0.99968

Dress-True 0.71117 0.00031635 0.99968 0.84317 0.98487 0.71117

Eat-False 0.9993 0.065563 0.93444 0.96632 0.99624 0.9993

Eat-True 0.93444 0.0006984 0.9993 0.96632 0.98717 0.93444

Enter Home-False 0.99994 0.49163 0.50837 0.71298 0.97461 0.99994

Enter Home-True 0.50837 5.9951e-05 0.99994 0.71298 0.99778 0.50837

Leave Home-False 0.99998 0.4095 0.5905 0.76843 0.97709 0.99998

Leave Home-True 0.5905 2.4078e-05 0.99998 0.76843 0.99929 0.5905

Other Activity-False 0.98006 0.04543 0.95457 0.96723 0.949 0.98006

Other Activity-True 0.95457 0.01994 0.98006 0.96723 0.9823 0.95457

Personal Hygiene-False 0.99916 0.27037 0.72962 0.85382 0.9736 0.99916

Personal Hygiene-True 0.72962 0.00083938 0.99916 0.85382 0.98865 0.72962

Relax-False 0.99971 0.07497 0.92503 0.96164 0.99124 0.99971

Relax-True 0.92503 0.00029275 0.99971 0.96164 0.99732 0.92503

Sleep-False 0.99579 0.66012 0.33988 0.58176 0.88525 0.99579

Sleep-True 0.33988 0.0042065 0.99579 0.58176 0.94047 0.33988

Take Medicine-False 0.99998 0.62417 0.37583 0.61304 0.98157 0.99998

Take Medicine-True 0.37583 2.3459e-05 0.99998 0.61304 0.99793 0.37583

Wash Dishes-False 0.99975 0.097867 0.90213 0.94969 0.99661 0.99975

Wash Dishes-True 0.90213 0.00024744 0.99975 0.94969 0.99218 0.90213

Watch TV-False 0.99992 0.083272 0.91673 0.95742 0.99733 0.99992

Watch TV-True 0.91673 8.2273e-05 0.99992 0.95742 0.99722 0.91673

Work-False 0.99973 0.18764 0.81236 0.90119 0.98332 0.99973

Work-True 0.81236 0.00027315 0.99973 0.90119 0.99629 0.81236

Table E.9: hh109 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 1 0.24264 0.75736 0.87027 0.99764 1

Bathe-True 0.75736 0 1 0.87027 1 0.75736

Bed Toilet Transition-False 1 0.82164 0.17836 0.42233 0.99359 1

Bed Toilet Transition-True 0.17836 0 1 0.42233 1 0.17836

Cook-False 0.99992 0.33333 0.66667 0.81646 0.99252 0.99992

Cook-True 0.66667 8.1525e-05 0.99992 0.81646 0.99462 0.66667

Dress-False 0.99998 0.4 0.6 0.77459 0.99249 0.99998

Dress-True 0.6 2.3209e-05 0.99998 0.77459 0.99796 0.6

Eat-False 0.99992 0.1757 0.8243 0.90787 0.99513 0.99992

Eat-True 0.8243 8.1943e-05 0.99992 0.90787 0.99644 0.8243

Enter Home-False 0.99998 0.7251 0.2749 0.52431 0.98508 0.99998

Enter Home-True 0.2749 2.3254e-05 0.99998 0.52431 0.99597 0.2749

Leave Home-False 0.99998 0.59768 0.40232 0.63428 0.98636 0.99998

Leave Home-True 0.40232 2.3305e-05 0.99998 0.63428 0.9975 0.40232

Other Activity-False 0.98925 0.066761 0.93324 0.96084 0.93109 0.98925

Other Activity-True 0.93324 0.010745 0.98925 0.96084 0.98961 0.93324

Personal Hygiene-False 0.9996 0.44556 0.55444 0.74445 0.97186 0.9996

Personal Hygiene-True 0.55444 0.00040025 0.9996 0.74445 0.98901 0.55444

Relax-False 0.99981 0.071545 0.92846 0.96347 0.99632 0.99981

Relax-True 0.92846 0.00019162 0.99981 0.96347 0.99601 0.92846

Sleep-False 0.99646 0.45074 0.54926 0.73981 0.92853 0.99646

Sleep-True 0.54926 0.003545 0.99646 0.73981 0.96346 0.54926

Take Medicine-False 1 0.58537 0.41463 0.64392 0.99341 1

Take Medicine-True 0.41463 0 1 0.64392 1 0.41463

Wash Dishes-False 1 0.58705 0.41295 0.64261 0.99232 1

Wash Dishes-True 0.41295 0 1 0.64261 1 0.41295

Watch TV-False 0.99889 0.083655 0.91634 0.95673 0.99478 0.99889

Watch TV-True 0.91634 0.0011134 0.99889 0.95673 0.98097 0.91634

Work-False 0.99809 0.053783 0.94622 0.97181 0.98898 0.99809

Work-True 0.94622 0.0019103 0.99809 0.97181 0.99033 0.94622

Table E.10: hh111 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 1 0.34916 0.65084 0.80675 0.99758 1

Bathe-True 0.65084 0 1 0.80675 1 0.65084

Bed Toilet Transition-False 1 0.98666 0.013341 0.1155 0.98906 1

Bed Toilet Transition-True 0.013341 0 1 0.1155 1 0.013341

Cook-False 0.99983 0.27137 0.72863 0.85353 0.98966 0.99983

Cook-True 0.72863 0.00016694 0.99983 0.85353 0.99409 0.72863

Dress-False 0.99999 0.58721 0.41279 0.64248 0.99019 0.99999

Dress-True 0.41279 1.3077e-05 0.99999 0.64248 0.99813 0.41279

Eat-False 0.99997 0.17901 0.82099 0.90607 0.99582 0.99997

Eat-True 0.82099 2.6324e-05 0.99997 0.90607 0.99863 0.82099

Enter Home-False 0.99997 0.76233 0.23767 0.4875 0.98473 0.99997

Enter Home-True 0.23767 2.6244e-05 0.99997 0.4875 0.9946 0.23767

Leave Home-False 0.99982 0.23066 0.76934 0.87704 0.98764 0.99982

Leave Home-True 0.76934 0.00018303 0.99982 0.87704 0.99563 0.76934

Other Activity-False 0.98864 0.08306 0.91694 0.95211 0.935 0.98864

Other Activity-True 0.91694 0.011363 0.98864 0.95211 0.98524 0.91694

Personal Hygiene-False 0.99942 0.3537 0.6463 0.8037 0.97279 0.99942

Personal Hygiene-True 0.6463 0.00057588 0.99942 0.8037 0.98885 0.6463

Relax-False 0.99936 0.14068 0.85932 0.9267 0.98553 0.99936

Relax-True 0.85932 0.00063909 0.99936 0.9267 0.99292 0.85932

Sleep-False 0.85292 0.010904 0.9891 0.91849 0.99628 0.85292

Sleep-True 0.9891 0.14708 0.85292 0.91849 0.66238 0.9891

Take Medicine-False 1 0.54171 0.45829 0.67697 0.99669 1

Take Medicine-True 0.45829 0 1 0.67697 1 0.45829

Wash Dishes-False 0.99997 0.39878 0.60122 0.77537 0.99234 0.99997

Wash Dishes-True 0.60122 2.6218e-05 0.99997 0.77537 0.99775 0.60122

Watch TV-False 0.99965 0.14142 0.85858 0.92643 0.99456 0.99965

Watch TV-True 0.85858 0.00034728 0.99965 0.92643 0.98964 0.85858

Work-False 0.9989 0.093029 0.90697 0.95183 0.98846 0.9989

Work-True 0.90697 0.0010999 0.9989 0.95183 0.99042 0.90697

Table E.11: hh112 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 0.99992 0.049659 0.95034 0.97481 0.99845 0.99992

Bathe-True 0.95034 8.4358e-05 0.99992 0.97481 0.99717 0.95034

Bed Toilet Transition-False 0.99999 0.57871 0.42129 0.64906 0.99752 0.99999

Bed Toilet Transition-True 0.42129 1.0953e-05 0.99999 0.64906 0.99398 0.42129

Cook-False 0.99908 0.11894 0.88106 0.93822 0.99623 0.99908

Cook-True 0.88106 0.00091711 0.99908 0.93822 0.96829 0.88106

Dress-False 0.99948 0.24846 0.75154 0.86669 0.99206 0.99948

Dress-True 0.75154 0.00051784 0.99948 0.86669 0.97905 0.75154

Eat-False 0.99948 0.04037 0.95963 0.97935 0.99909 0.99948

Eat-True 0.95963 0.0005158 0.99948 0.97935 0.97675 0.95963

Enter Home-False 0.99999 0.76424 0.23576 0.48555 0.98074 0.99999

Enter Home-True 0.23576 1.2585e-05 0.99999 0.48555 0.99793 0.23576

Leave Home-False 0.9999 0.51225 0.48775 0.69835 0.98664 0.9999

Leave Home-True 0.48775 0.00010495 0.9999 0.69835 0.99193 0.48775

Other Activity-False 0.95644 0.047668 0.95233 0.95438 0.96039 0.95644

Other Activity-True 0.95233 0.043558 0.95644 0.95438 0.94762 0.95233

Personal Hygiene-False 0.99751 0.21867 0.78133 0.88282 0.96926 0.99751

Personal Hygiene-True 0.78133 0.0024921 0.99751 0.88282 0.97843 0.78133

Relax-False 0.99874 0.12957 0.87043 0.93238 0.99099 0.99874

Relax-True 0.87043 0.0012648 0.99874 0.93238 0.97969 0.87043

Sleep-False 0.98934 0.61421 0.38579 0.6178 0.87906 0.98934

Sleep-True 0.38579 0.010664 0.98934 0.6178 0.8891 0.38579

Take Medicine-False 0.99866 0.34389 0.65611 0.80946 0.99542 0.99866

Take Medicine-True 0.65611 0.0013442 0.99866 0.80946 0.86695 0.65611

Wash Dishes-False 0.99967 0.20847 0.79153 0.88953 0.99149 0.99967

Wash Dishes-True 0.79153 0.00033497 0.99967 0.88953 0.98982 0.79153

Watch TV-False 0.99993 0.13188 0.86812 0.9317 0.99795 0.99993

Watch TV-True 0.86812 7.3379e-05 0.99993 0.9317 0.9946 0.86812

Work-False 0.9989 0.14319 0.85681 0.92513 0.98782 0.9989

Work-True 0.85681 0.0010971 0.9989 0.92513 0.98534 0.85681

Table E.12: hh113 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 1 0.36364 0.63636 0.79772 0.99863 1

Bathe-True 0.63636 0 1 0.79772 1 0.63636

Bed Toilet Transition-False 1 0.80702 0.19298 0.4393 0.9979 1

Bed Toilet Transition-True 0.19298 0 1 0.4393 1 0.19298

Cook-False 0.99995 0.22894 0.77106 0.87808 0.98767 0.99995

Cook-True 0.77106 4.8109e-05 0.99995 0.87808 0.99886 0.77106

Dress-False 1 0.42308 0.57692 0.75955 0.99849 1

Dress-True 0.57692 0 1 0.75955 1 0.57692

Eat-False 0.99995 0.091058 0.90894 0.95336 0.9974 0.99995

Eat-True 0.90894 4.6926e-05 0.99995 0.95336 0.9982 0.90894

Enter Home-False 1 0.25565 0.74435 0.86276 0.99316 1

Enter Home-True 0.74435 0 1 0.86276 1 0.74435

Leave Home-False 0.99688 0.043426 0.95657 0.97652 0.9944 0.99688

Leave Home-True 0.95657 0.003117 0.99688 0.97652 0.97542 0.95657

Other Activity-False 0.99627 0.12983 0.87017 0.93109 0.96976 0.99627

Other Activity-True 0.87017 0.0037316 0.99627 0.93109 0.9824 0.87017

Personal Hygiene-False 0.99971 0.32759 0.67241 0.81989 0.97731 0.99971

Personal Hygiene-True 0.67241 0.00029312 0.99971 0.81989 0.99388 0.67241

Relax-False 0.99161 0.01887 0.98113 0.98636 0.99389 0.99161

Relax-True 0.98113 0.0083902 0.99161 0.98636 0.97421 0.98113

Sleep-False 0.99374 0.16622 0.83378 0.91025 0.94736 0.99374

Sleep-True 0.83378 0.0062599 0.99374 0.91025 0.9779 0.83378

Take Medicine-False 1 0.71429 0.28571 0.53452 0.99943 1

Take Medicine-True 0.28571 0 1 0.53452 1 0.28571

Wash Dishes-False 0.99998 0.145 0.855 0.92465 0.99799 0.99998

Wash Dishes-True 0.855 2.3127e-05 0.99998 0.92465 0.99805 0.855

Watch TV-False 1 0.023904 0.9761 0.98798 0.99986 1

Watch TV-True 0.9761 0 1 0.98798 1 0.9761

Work-False 0.99889 0.035984 0.96402 0.9813 0.99603 0.99889

Work-True 0.96402 0.0011146 0.99889 0.9813 0.98965 0.96402

Table E.13: hh114 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 1 0.31949 0.68051 0.82493 0.99712 1

Bathe-True 0.68051 4.521e-06 1 0.82493 0.99927 0.68051

Bed Toilet Transition-False 1 0.98057 0.019433 0.1394 0.98202 1

Bed Toilet Transition-True 0.019433 2.2821e-06 1 0.1394 0.99375 0.019433

Cook-False 0.99978 0.35888 0.64112 0.80061 0.98373 0.99978

Cook-True 0.64112 0.00022263 0.99978 0.80061 0.99252 0.64112

Dress-False 0.99969 0.38151 0.61849 0.78632 0.96984 0.99969

Dress-True 0.61849 0.00031012 0.99969 0.78632 0.99388 0.61849

Eat-False 0.99995 0.1734 0.8266 0.90915 0.99827 0.99995

Eat-True 0.8266 4.7517e-05 0.99995 0.90915 0.9943 0.8266

Enter Home-False 0.99995 0.82105 0.17895 0.42301 0.96999 0.99995

Enter Home-True 0.17895 4.6493e-05 0.99995 0.42301 0.99315 0.17895

Housekeeping-False 0.99997 0.29646 0.70354 0.83876 0.99524 0.99997

Housekeeping-True 0.70354 3.4146e-05 0.99997 0.83876 0.997 0.70354

Leave Home-False 0.98797 0.092615 0.90739 0.94682 0.97099 0.98797

Leave Home-True 0.90739 0.012033 0.98797 0.94682 0.96006 0.90739

Other Activity-False 0.97615 0.24508 0.75492 0.85844 0.85926 0.97615

Other Activity-True 0.75492 0.023854 0.97615 0.85844 0.9538 0.75492

Personal Hygiene-False 0.99841 0.37468 0.62532 0.79014 0.95071 0.99841

Personal Hygiene-True 0.62532 0.0015936 0.99841 0.79014 0.98189 0.62532

Relax-False 0.99952 0.47185 0.52815 0.72657 0.97625 0.99952

Relax-True 0.52815 0.00047586 0.99952 0.72657 0.98282 0.52815

Sleep-False 0.86944 0.0058919 0.99411 0.92968 0.99762 0.86944

Sleep-True 0.99411 0.13056 0.86944 0.92968 0.72798 0.99411

Take Medicine-False 0.99991 0.58865 0.41135 0.64134 0.97609 0.99991

Take Medicine-True 0.41135 9.334e-05 0.99991 0.64134 0.99458 0.41135

Wash Dishes-False 0.99994 0.41539 0.58461 0.76458 0.99102 0.99994

Wash Dishes-True 0.58461 5.7228e-05 0.99994 0.76458 0.99553 0.58461

Watch TV-False 0.99624 0.077811 0.92219 0.9585 0.98634 0.99624

Watch TV-True 0.92219 0.0037609 0.99624 0.9585 0.97751 0.92219

Work-False 0.99721 0.22062 0.77938 0.88159 0.95866 0.99721

Work-True 0.77938 0.002792 0.99721 0.88159 0.98195 0.77938

Table E.14: hh115 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 0.99997 0.15566 0.84434 0.91886 0.99773 0.99997

Bathe-True 0.84434 3.4434e-05 0.99997 0.91886 0.99721 0.84434

Bed Toilet Transition-False 0.99965 0.4137 0.5863 0.76557 0.99163 0.99965

Bed Toilet Transition-True 0.5863 0.00034631 0.99965 0.76557 0.97186 0.5863

Cook-False 0.99988 0.28976 0.71024 0.84271 0.98979 0.99988

Cook-True 0.71024 0.00011716 0.99988 0.84271 0.99539 0.71024

Dress-False 0.99999 0.57556 0.42444 0.65149 0.99298 0.99999

Dress-True 0.42444 1.1452e-05 0.99999 0.65149 0.99781 0.42444

Eat-False 0.99932 0.075906 0.92409 0.96097 0.99605 0.99932

Eat-True 0.92409 0.00067851 0.99932 0.96097 0.98613 0.92409

Enter Home-False 1 0.89358 0.10642 0.32622 0.98201 1

Enter Home-True 0.10642 0 1 0.32622 1 0.10642

Leave Home-False 0.99994 0.5352 0.4648 0.68175 0.98862 0.99994

Leave Home-True 0.4648 5.7781e-05 0.99994 0.68175 0.99425 0.4648

Other Activity-False 0.98461 0.066004 0.934 0.95897 0.94601 0.98461

Other Activity-True 0.934 0.015394 0.98461 0.95897 0.98101 0.934

Personal Hygiene-False 0.99907 0.22779 0.77221 0.87834 0.97445 0.99907

Personal Hygiene-True 0.77221 0.00093345 0.99907 0.87834 0.9896 0.77221

Relax-False 0.99773 0.055617 0.94438 0.97069 0.99437 0.99773

Relax-True 0.94438 0.0022679 0.99773 0.97069 0.97689 0.94438

Sleep-False 0.99549 0.35563 0.64437 0.80091 0.93493 0.99549

Sleep-True 0.64437 0.0045147 0.99549 0.80091 0.96529 0.64437

Take Medicine-False 1 0.72306 0.27694 0.52625 0.99078 1

Take Medicine-True 0.27694 0 1 0.52625 1 0.27694

Wash Dishes-False 0.99983 0.21465 0.78535 0.88613 0.98961 0.99983

Wash Dishes-True 0.78535 0.00016613 0.99983 0.88613 0.99569 0.78535

Watch TV-False 0.99948 0.11779 0.88221 0.93902 0.99836 0.99948

Watch TV-True 0.88221 0.00051617 0.99948 0.93902 0.95968 0.88221

Work-False 0.99913 0.10103 0.89897 0.94773 0.99611 0.99913

Work-True 0.89897 0.00086948 0.99913 0.94773 0.97556 0.89897

Table E.15: hh116 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 1 0.38558 0.61442 0.78385 0.99932 1

Bathe-True 0.61442 2.0129e-06 1 0.78385 0.99814 0.61442

Bed Toilet Transition-False 1 0.86335 0.13665 0.36966 0.99305 1

Bed Toilet Transition-True 0.13665 0 1 0.36966 1 0.13665

Cook-False 0.99999 0.60213 0.39787 0.63077 0.99429 0.99999

Cook-True 0.39787 1.42e-05 0.99999 0.63077 0.99627 0.39787

Dress-False 0.99992 0.50078 0.49922 0.70653 0.99353 0.99992

Dress-True 0.49922 7.9383e-05 0.99992 0.70653 0.98792 0.49922

Eat-False 0.99954 0.19808 0.80192 0.8953 0.99583 0.99954

Eat-True 0.80192 0.00046165 0.99954 0.8953 0.97347 0.80192

Enter Home-False 0.99995 0.53566 0.46434 0.68141 0.98864 0.99995

Enter Home-True 0.46434 4.5153e-05 0.99995 0.68141 0.99549 0.46434

Leave Home-False 0.99997 0.65842 0.34158 0.58444 0.98599 0.99997

Leave Home-True 0.34158 3.2843e-05 0.99997 0.58444 0.99556 0.34158

Other Activity-False 0.97613 0.094252 0.90575 0.94028 0.93806 0.97613

Other Activity-True 0.90575 0.023867 0.97613 0.94028 0.9629 0.90575

Personal Hygiene-False 0.9997 0.49931 0.50069 0.70749 0.97406 0.9997

Personal Hygiene-True 0.50069 0.00030266 0.9997 0.70749 0.98879 0.50069

Relax-False 0.99873 0.08307 0.91693 0.95696 0.99456 0.99873

Relax-True 0.91693 0.0012656 0.99873 0.95696 0.97943 0.91693

Sleep-False 0.98084 0.1174 0.8826 0.93042 0.98066 0.98084

Sleep-True 0.8826 0.019164 0.98084 0.93042 0.88358 0.8826

Take Medicine-False 0.99999 0.69287 0.30713 0.5542 0.99519 0.99999

Take Medicine-True 0.30713 6.0701e-06 0.99999 0.5542 0.99718 0.30713

Wash Dishes-False 0.99997 0.59347 0.40653 0.63759 0.99431 0.99997

Wash Dishes-True 0.40653 2.6373e-05 0.99997 0.63759 0.99331 0.40653

Watch TV-False 0.99584 0.043068 0.95693 0.97619 0.99469 0.99584

Watch TV-True 0.95693 0.0041624 0.99584 0.97619 0.96595 0.95693

Work-False 0.99898 0.11596 0.88404 0.93976 0.99559 0.99898

Work-True 0.88404 0.0010159 0.99898 0.93976 0.97078 0.88404

Table E.16: hh117 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 1 0.24409 0.75591 0.86943 0.99929 1

Bathe-True 0.75591 0 1 0.86943 1 0.75591

Bed Toilet Transition-False 1 1 0 0 0.99103 1

Bed Toilet Transition-True 0 0 1 0 - 0

Cook-False 0.99942 0.20295 0.79705 0.89252 0.98746 0.99942

Cook-True 0.79705 0.00058234 0.99942 0.89252 0.98845 0.79705

Dress-False 0.99993 0.26891 0.73109 0.85501 0.99631 0.99993

Dress-True 0.73109 6.9452e-05 0.99993 0.85501 0.99315 0.73109

Eat-False 0.99964 0.070362 0.92964 0.964 0.99603 0.99964

Eat-True 0.92964 0.00036193 0.99964 0.964 0.99317 0.92964

Enter Home-False 1 0.73263 0.26737 0.51708 0.98256 1

Enter Home-True 0.26737 0 1 0.51708 1 0.26737

Housekeeping-False 0.99995 0.18355 0.81645 0.90355 0.99711 0.99995

Housekeeping-True 0.81645 4.6394e-05 0.99995 0.90355 0.99642 0.81645

Leave Home-False 0.99662 0.015745 0.98426 0.99042 0.99441 0.99662

Leave Home-True 0.98426 0.0033752 0.99662 0.99042 0.99046 0.98426

Other Activity-False 0.99175 0.11142 0.88858 0.93875 0.96282 0.99175

Other Activity-True 0.88858 0.0082543 0.99175 0.93875 0.97368 0.88858

Personal Hygiene-False 0.9996 0.4207 0.5793 0.76097 0.96414 0.9996

Personal Hygiene-True 0.5793 0.00039767 0.9996 0.76097 0.99229 0.5793

Relax-False 0.99912 0.071895 0.9281 0.96296 0.99686 0.99912

Relax-True 0.9281 0.00088192 0.99912 0.96296 0.97875 0.9281

Sleep-False 0.83272 0.0065166 0.99348 0.90956 0.99765 0.83272

Sleep-True 0.99348 0.16728 0.83272 0.90956 0.64118 0.99348

Take Medicine-False 0.99984 0.33419 0.66581 0.81591 0.99397 0.99984

Take Medicine-True 0.66581 0.00016276 0.99984 0.81591 0.98672 0.66581

Wash Dishes-False 0.99988 0.2496 0.7504 0.8662 0.99269 0.99988

Wash Dishes-True 0.7504 0.00011755 0.99988 0.8662 0.99471 0.7504

Watch TV-False 0.99966 0.041808 0.95819 0.97871 0.99794 0.99966

Watch TV-True 0.95819 0.00033547 0.99966 0.97871 0.99295 0.95819

Work-False 0.9977 0.066578 0.93342 0.96503 0.98304 0.9977

Work-True 0.93342 0.0022993 0.9977 0.96503 0.99056 0.93342

Table E.17: hh118 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 1 0.43132 0.56868 0.75411 0.9924 1

Bathe-True 0.56868 0 1 0.75411 1 0.56868

Bed Toilet Transition-False 1 0.98257 0.017431 0.13203 0.976 1

Bed Toilet Transition-True 0.017431 0 1 0.13203 1 0.017431

Cook-False 0.99965 0.25323 0.74677 0.864 0.98677 0.99965

Cook-True 0.74677 0.00035384 0.99965 0.864 0.99112 0.74677

Dress-False 0.99956 0.60088 0.39912 0.63162 0.98449 0.99956

Dress-True 0.39912 0.00043683 0.99956 0.63162 0.95992 0.39912

Eat-False 0.99972 0.10175 0.89825 0.94763 0.99651 0.99972

Eat-True 0.89825 0.00027809 0.99972 0.94763 0.99108 0.89825

Enter Home-False 0.99993 0.6276 0.3724 0.61023 0.98499 0.99993

Enter Home-True 0.3724 6.8844e-05 0.99993 0.61023 0.99244 0.3724

Housekeeping-False 1 0.12621 0.87379 0.93477 0.99971 1

Housekeeping-True 0.87379 0 1 0.93477 1 0.87379

Leave Home-False 0.94776 0.022509 0.97749 0.96251 0.98932 0.94776

Leave Home-True 0.97749 0.052241 0.94776 0.96251 0.89481 0.97749

Other Activity-False 0.99515 0.23582 0.76418 0.87205 0.93747 0.99515

Other Activity-True 0.76418 0.004852 0.99515 0.87205 0.97794 0.76418

Personal Hygiene-False 0.9992 0.39215 0.60785 0.77934 0.97024 0.9992

Personal Hygiene-True 0.60785 0.00079712 0.9992 0.77934 0.9835 0.60785

Relax-False 0.99993 0.11039 0.88961 0.94316 0.99846 0.99993

Relax-True 0.88961 6.8152e-05 0.99993 0.94316 0.99456 0.88961

Sleep-False 0.89935 0.0098158 0.99018 0.94367 0.99723 0.89935

Sleep-True 0.99018 0.10065 0.89935 0.94367 0.71492 0.99018

Take Medicine-False 1 0.7812 0.2188 0.46776 0.9886 1

Take Medicine-True 0.2188 0 1 0.46776 1 0.2188

Wash Dishes-False 1 0.41828 0.58172 0.76271 0.99264 1

Wash Dishes-True 0.58172 0 1 0.76271 1 0.58172

Work-False 0.98848 0.031443 0.96856 0.97847 0.98691 0.98848

Work-True 0.96856 0.011524 0.98848 0.97847 0.97226 0.96856

Table E.18: hh119 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 0.99999 0.37007 0.62993 0.79368 0.99652 0.99999

Bathe-True 0.62993 1.0954e-05 0.99999 0.79368 0.99816 0.62993

Bed Toilet Transition-False 1 0.8471 0.1529 0.39102 0.98505 1

Bed Toilet Transition-True 0.1529 0 1 0.39102 1 0.1529

Cook-False 0.99991 0.16822 0.83178 0.91198 0.9956 0.99991

Cook-True 0.83178 8.9093e-05 0.99991 0.91198 0.99594 0.83178

Dress-False 0.99998 0.38294 0.61706 0.78553 0.99151 0.99998

Dress-True 0.61706 2.2188e-05 0.99998 0.78553 0.99839 0.61706

Eat-False 0.9999 0.11793 0.88207 0.93914 0.99786 0.9999

Eat-True 0.88207 9.9438e-05 0.9999 0.93914 0.99384 0.88207

Enter Home-False 0.99999 0.73173 0.26827 0.51795 0.9814 0.99999

Enter Home-True 0.26827 1.1132e-05 0.99999 0.51795 0.9984 0.26827

Leave Home-False 0.99947 0.31355 0.68645 0.82831 0.98206 0.99947

Leave Home-True 0.68645 0.00052823 0.99947 0.82831 0.98696 0.68645

Other Activity-False 0.99366 0.13278 0.86722 0.92829 0.94026 0.99366

Other Activity-True 0.86722 0.0063403 0.99366 0.92829 0.98486 0.86722

Personal Hygiene-False 0.99967 0.40578 0.59422 0.77073 0.96978 0.99967

Personal Hygiene-True 0.59422 0.00032716 0.99967 0.77073 0.99288 0.59422

Relax-False 0.99991 0.12742 0.87258 0.93408 0.99701 0.99991

Relax-True 0.87258 8.8854e-05 0.99991 0.93408 0.99569 0.87258

Sleep-False 0.98327 0.45829 0.54171 0.72982 0.86688 0.98327

Sleep-True 0.54171 0.016735 0.98327 0.72982 0.91427 0.54171

Take Medicine-False 1 0.62418 0.37582 0.61304 0.98439 1

Take Medicine-True 0.37582 0 1 0.61304 1 0.37582

Wash Dishes-False 0.99993 0.18844 0.81156 0.90084 0.9971 0.99993

Wash Dishes-True 0.81156 6.6114e-05 0.99993 0.90084 0.99475 0.81156

Watch TV-False 0.99459 0.072666 0.92733 0.96038 0.98911 0.99459

Watch TV-True 0.92733 0.0054068 0.99459 0.96038 0.96275 0.92733

Work-False 0.9971 0.08185 0.91815 0.95681 0.98879 0.9971

Work-True 0.91815 0.0029021 0.9971 0.95681 0.97762 0.91815

Table E.19: hh120 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 1 0.20343 0.79657 0.89251 0.99806 1

Bathe-True 0.79657 0 1 0.89251 1 0.79657

Bed Toilet Transition-False 1 0.95285 0.047149 0.21714 0.97985 1

Bed Toilet Transition-True 0.047149 0 1 0.21714 1 0.047149

Cook-False 0.99983 0.16277 0.83723 0.91493 0.99555 0.99983

Cook-True 0.83723 0.00016657 0.99983 0.91493 0.99281 0.83723

Dress-False 0.99998 0.34822 0.65178 0.80732 0.99287 0.99998

Dress-True 0.65178 2.3637e-05 0.99998 0.80732 0.99825 0.65178

Eat-False 0.99976 0.06671 0.93329 0.96595 0.99753 0.99976

Eat-True 0.93329 0.00024018 0.99976 0.96595 0.99311 0.93329

Enter Home-False 0.99995 0.56582 0.43418 0.65891 0.98956 0.99995

Enter Home-True 0.43418 4.7181e-05 0.99995 0.65891 0.9942 0.43418

Leave Home-False 1 0.51086 0.48914 0.69939 0.99065 1

Leave Home-True 0.48914 0 1 0.69939 1 0.48914

Other Activity-False 0.98824 0.093516 0.90648 0.94648 0.91784 0.98824

Other Activity-True 0.90648 0.011763 0.98824 0.94648 0.98647 0.90648

Personal Hygiene-False 0.99931 0.25031 0.74969 0.86555 0.97488 0.99931

Personal Hygiene-True 0.74969 0.0006896 0.99931 0.86555 0.99114 0.74969

Relax-False 0.99981 0.10878 0.89122 0.94395 0.99742 0.99981

Relax-True 0.89122 0.00018967 0.99981 0.94395 0.99112 0.89122

Sleep-False 0.85723 0.014295 0.9857 0.91923 0.99365 0.85723

Sleep-True 0.9857 0.14277 0.85723 0.91923 0.72569 0.9857

Take Medicine-False 1 0.6994 0.3006 0.54827 0.99189 1

Take Medicine-True 0.3006 0 1 0.54827 1 0.3006

Wash Dishes-False 0.99988 0.1458 0.8542 0.92417 0.99563 0.99988

Wash Dishes-True 0.8542 0.00011928 0.99988 0.92417 0.99538 0.8542

Watch TV-False 0.99351 0.026108 0.97389 0.98365 0.9972 0.99351

Watch TV-True 0.97389 0.0064863 0.99351 0.98365 0.94142 0.97389

Work-False 0.99937 0.1163 0.8837 0.93975 0.989 0.99937

Work-True 0.8837 0.00063429 0.99937 0.93975 0.99254 0.8837

Table E.20: hh122 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 0.99998 0.35955 0.64045 0.80027 0.99783 0.99998

Bathe-True 0.64045 2.2627e-05 0.99998 0.80027 0.99419 0.64045

Bed Toilet Transition-False 1 0.79006 0.20994 0.4582 0.99356 1

Bed Toilet Transition-True 0.20994 0 1 0.4582 1 0.20994

Cook-False 0.99986 0.26407 0.73593 0.8578 0.9898 0.99986

Cook-True 0.73593 0.00014021 0.99986 0.8578 0.99514 0.73593

Dress-False 1 0.36964 0.63036 0.79395 0.99054 1

Dress-True 0.63036 0 1 0.79395 1 0.63036

Eat-False 0.99972 0.11241 0.88759 0.94199 0.9955 0.99972

Eat-True 0.88759 0.00028073 0.99972 0.94199 0.99219 0.88759

Enter Home-False 1 0.47955 0.52045 0.72142 0.98825 1

Enter Home-True 0.52045 0 1 0.72142 1 0.52045

Leave Home-False 0.99998 0.44528 0.55472 0.74479 0.98915 0.99998

Leave Home-True 0.55472 2.3045e-05 0.99998 0.74479 0.99832 0.55472

Other Activity-False 0.99053 0.030551 0.96945 0.97993 0.97932 0.99053

Other Activity-True 0.96945 0.0094718 0.99053 0.97993 0.98593 0.96945

Personal Hygiene-False 0.99988 0.37078 0.62922 0.79319 0.97877 0.99988

Personal Hygiene-True 0.62922 0.00011903 0.99988 0.79319 0.99678 0.62922

Relax-False 0.99988 0.17068 0.82932 0.91062 0.99273 0.99988

Relax-True 0.82932 0.00011728 0.99988 0.91062 0.99671 0.82932

Sleep-False 0.98073 0.39733 0.60267 0.76881 0.87214 0.98073

Sleep-True 0.60267 0.019266 0.98073 0.76881 0.91883 0.60267

Take Medicine-False 1 0.51129 0.48871 0.69908 0.99282 1

Take Medicine-True 0.48871 0 1 0.69908 1 0.48871

Wash Dishes-False 0.99974 0.2431 0.7569 0.86989 0.99041 0.99974

Wash Dishes-True 0.7569 0.00025726 0.99974 0.86989 0.99154 0.7569

Watch TV-False 0.99755 0.039356 0.96064 0.97893 0.99386 0.99755

Watch TV-True 0.96064 0.0024454 0.99755 0.97893 0.98401 0.96064

Work-False 1 0.05 0.95 0.97468 0.99998 1

Work-True 0.95 0 1 0.97468 1 0.95

Table E.21: hh123 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 0.99998 0.21178 0.78822 0.88781 0.99785 0.99998

Bathe-True 0.78822 2.3024e-05 0.99998 0.88781 0.99713 0.78822

Bed Toilet Transition-False 1 0.86234 0.13766 0.37103 0.99621 1

Bed Toilet Transition-True 0.13766 0 1 0.37103 1 0.13766

Cook-False 0.99977 0.22401 0.77599 0.8808 0.9893 0.99977

Cook-True 0.77599 0.00022698 0.99977 0.8808 0.99398 0.77599

Dress-False 0.99993 0.50918 0.49082 0.70056 0.98881 0.99993

Dress-True 0.49082 6.9896e-05 0.99993 0.70056 0.99363 0.49082

Eat-False 0.99952 0.091677 0.90832 0.95283 0.99547 0.99952

Eat-True 0.90832 0.00047845 0.99952 0.95283 0.98949 0.90832

Enter Home-False 0.99996 0.52706 0.47294 0.6877 0.98355 0.99996

Enter Home-True 0.47294 3.5273e-05 0.99996 0.6877 0.99765 0.47294

Leave Home-False 0.99574 0.065689 0.93431 0.96454 0.98715 0.99574

Leave Home-True 0.93431 0.0042572 0.99574 0.96454 0.97743 0.93431

Other Activity-False 0.99264 0.17359 0.82641 0.90572 0.94391 0.99264

Other Activity-True 0.82641 0.0073592 0.99264 0.90572 0.97446 0.82641

Personal Hygiene-False 0.99864 0.39629 0.60371 0.77646 0.96809 0.99864

Personal Hygiene-True 0.60371 0.0013577 0.99864 0.77646 0.97364 0.60371

Relax-False 0.97738 0.079358 0.92064 0.94859 0.98519 0.97738

Relax-True 0.92064 0.022623 0.97738 0.94859 0.88284 0.92064

Sleep-False 0.99639 0.32014 0.67986 0.82304 0.9593 0.99639

Sleep-True 0.67986 0.0036123 0.99639 0.82304 0.96132 0.67986

Take Medicine-False 0.99995 0.69171 0.30829 0.55523 0.98681 0.99995

Take Medicine-True 0.30829 4.6466e-05 0.99995 0.55523 0.99226 0.30829

Wash Dishes-False 0.99985 0.21653 0.78347 0.88507 0.991 0.99985

Wash Dishes-True 0.78347 0.00015436 0.99985 0.88507 0.99533 0.78347

Watch TV-False 0.99512 0.04856 0.95144 0.97304 0.99347 0.99512

Watch TV-True 0.95144 0.0048753 0.99512 0.97304 0.96337 0.95144

Work-False 0.99835 0.059824 0.94018 0.96883 0.99369 0.99835

Work-True 0.94018 0.0016511 0.99835 0.96883 0.9837 0.94018

Table E.22: hh125 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 1 0.50515 0.49485 0.70345 0.99813 1

Bathe-True 0.49485 0 1 0.70345 1 0.49485

Bed Toilet Transition-False 1 1 0 0 0.99222 1

Bed Toilet Transition-True 0 0 1 0 - 0

Cook-False 0.9999 0.33356 0.66644 0.81632 0.99064 0.9999

Cook-True 0.66644 9.7851e-05 0.9999 0.81632 0.99485 0.66644

Dress-False 0.99994 0.54367 0.45633 0.6755 0.98936 0.99994

Dress-True 0.45633 5.8222e-05 0.99994 0.6755 0.99359 0.45633

Eat-False 0.9997 0.17076 0.82924 0.91049 0.99429 0.9997

Eat-True 0.82924 0.00029507 0.9997 0.91049 0.98953 0.82924

Enter Home-False 0.99996 0.61807 0.38193 0.61799 0.97783 0.99996

Enter Home-True 0.38193 3.9458e-05 0.99996 0.61799 0.99719 0.38193

Leave Home-False 0.99994 0.52932 0.47068 0.68604 0.98096 0.99994

Leave Home-True 0.47068 5.9187e-05 0.99994 0.68604 0.99658 0.47068

Other Activity-False 0.99166 0.051931 0.94807 0.96962 0.96069 0.99166

Other Activity-True 0.94807 0.0083401 0.99166 0.96962 0.98887 0.94807

Personal Hygiene-False 0.99971 0.32656 0.67344 0.82051 0.96733 0.99971

Personal Hygiene-True 0.67344 0.00029398 0.99971 0.82051 0.9958 0.67344

Relax-False 0.99972 0.21322 0.78678 0.88688 0.98653 0.99972

Relax-True 0.78678 0.00028349 0.99972 0.88688 0.9944 0.78678

Sleep-False 0.99769 0.55455 0.44545 0.66665 0.93461 0.99769

Sleep-True 0.44545 0.0023141 0.99769 0.66665 0.96037 0.44545

Take Medicine-False 0.99996 0.65487 0.34513 0.58747 0.99293 0.99996

Take Medicine-True 0.34513 3.8476e-05 0.99996 0.58747 0.98985 0.34513

Wash Dishes-False 1 0.5787 0.4213 0.64908 0.99304 1

Wash Dishes-True 0.4213 0 1 0.64908 1 0.4213

Watch TV-False 0.99589 0.044763 0.95524 0.97535 0.99046 0.99589

Watch TV-True 0.95524 0.0041132 0.99589 0.97535 0.9803 0.95524

Work-False 0.99895 0.070577 0.92942 0.96356 0.98918 0.99895

Work-True 0.92942 0.0010549 0.99895 0.96356 0.99272 0.92942

Table E.23: hh126 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 0.99993 0.059451 0.94055 0.96979 0.99913 0.99993

Bathe-True 0.94055 6.7123e-05 0.99993 0.96979 0.99516 0.94055

Bed Toilet Transition-False 1 0.74194 0.25806 0.508 0.99899 1

Bed Toilet Transition-True 0.25806 0 1 0.508 1 0.25806

Cook-False 0.99993 0.19667 0.80333 0.89626 0.99441 0.99993

Cook-True 0.80333 6.8044e-05 0.99993 0.89626 0.99705 0.80333

Dress-False 0.99975 0.2838 0.7162 0.84618 0.99336 0.99975

Dress-True 0.7162 0.00024827 0.99975 0.84618 0.98549 0.7162

Eat-False 0.99993 0.16 0.84 0.91648 0.99371 0.99993

Eat-True 0.84 6.8768e-05 0.99993 0.91648 0.99793 0.84

Enter Home-False 0.99996 0.43979 0.56021 0.74845 0.99814 0.99996

Enter Home-True 0.56021 4.4288e-05 0.99996 0.74845 0.98165 0.56021

Leave Home-False 0.99845 0.093314 0.90669 0.95146 0.97705 0.99845

Leave Home-True 0.90669 0.0015452 0.99845 0.95146 0.99327 0.90669

Other Activity-False 0.99857 0.18946 0.81054 0.89966 0.97456 0.99857

Other Activity-True 0.81054 0.0014298 0.99857 0.89966 0.98734 0.81054

Personal Hygiene-False 0.99968 0.23495 0.76505 0.87453 0.99178 0.99968

Personal Hygiene-True 0.76505 0.0003196 0.99968 0.87453 0.98829 0.76505

Relax-False 0.99955 0.22096 0.77904 0.88243 0.98221 0.99955

Relax-True 0.77904 0.0004533 0.99955 0.88243 0.99295 0.77904

Sleep-False 0.99888 0.040647 0.95935 0.97892 0.98508 0.99888

Sleep-True 0.95935 0.0011195 0.99888 0.97892 0.99687 0.95935

Wash Dishes-False 1 0.24625 0.75375 0.86819 0.99634 1

Wash Dishes-True 0.75375 0 1 0.86819 1 0.75375

Watch TV-False 0.99923 0.2387 0.7613 0.87219 0.97872 0.99923

Watch TV-True 0.7613 0.00076984 0.99923 0.87219 0.98901 0.7613

Work-False 1 0.39474 0.60526 0.77799 0.99601 1

Work-True 0.60526 0 1 0.77799 1 0.60526

Table E.24: hh127 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bathe-False 1 0.19355 0.80645 0.89803 0.99952 1

Bathe-True 0.80645 0 1 0.89803 1 0.80645

Bed Toilet Transition-False 1 1 0 0 0.99283 1

Bed Toilet Transition-True 0 0 1 0 - 0

Cook-False 0.99969 0.17353 0.82647 0.90897 0.99336 0.99969

Cook-True 0.82647 0.00030749 0.99969 0.90897 0.99043 0.82647

Dress-False 0.99992 0.43033 0.56967 0.75473 0.98581 0.99992

Dress-True 0.56967 8.2383e-05 0.99992 0.75473 0.99569 0.56967

Eat-False 0.99989 0.079086 0.92091 0.95959 0.99736 0.99989

Eat-True 0.92091 0.00010592 0.99989 0.95959 0.99658 0.92091

Enter Home-False 0.99987 0.53289 0.46711 0.68341 0.98125 0.99987

Enter Home-True 0.46711 0.00012976 0.99987 0.68341 0.99231 0.46711

Leave Home-False 1 0.45452 0.54548 0.73857 0.98388 1

Leave Home-True 0.54548 0 1 0.73857 1 0.54548

Other Activity-False 0.98194 0.058421 0.94158 0.96155 0.95244 0.98194

Other Activity-True 0.94158 0.018056 0.98194 0.96155 0.97766 0.94158

Personal Hygiene-False 0.99758 0.14797 0.85203 0.92194 0.97096 0.99758

Personal Hygiene-True 0.85203 0.0024221 0.99758 0.92194 0.9861 0.85203

Relax-False 0.99986 0.1536 0.8464 0.91993 0.99247 0.99986

Relax-True 0.8464 0.00014341 0.99986 0.91993 0.99658 0.8464

Sleep-False 0.9973 0.5988 0.4012 0.63255 0.89919 0.9973

Sleep-True 0.4012 0.0027029 0.9973 0.63255 0.96517 0.4012

Take Medicine-False 1 0.5761 0.4239 0.65107 0.98725 1

Take Medicine-True 0.4239 0 1 0.65107 1 0.4239

Wash Dishes-False 0.99971 0.13492 0.86508 0.92996 0.99603 0.99971

Wash Dishes-True 0.86508 0.00029311 0.99971 0.92996 0.98866 0.86508

Watch TV-False 0.99694 0.033175 0.96683 0.98177 0.99559 0.99694

Watch TV-True 0.96683 0.003058 0.99694 0.98177 0.97677 0.96683

Work-False 0.99891 0.051641 0.94836 0.97331 0.99539 0.99891

Work-True 0.94836 0.001092 0.99891 0.97331 0.98732 0.94836

Table E.25: hh128 activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Bed Toilet Transition-False 1 0.66375 0.33625 0.57987 0.98801 1

Bed Toilet Transition-True 0.33625 0 1 0.57987 1 0.33625

Cook-False 0.99972 0.25036 0.74964 0.86569 0.988 0.99972

Cook-True 0.74964 0.00028243 0.99972 0.86569 0.99229 0.74964

Eat-False 0.99989 0.30754 0.69246 0.8321 0.99312 0.99989

Eat-True 0.69246 0.00011476 0.99989 0.8321 0.9927 0.69246

Enter Home-False 0.99998 0.52212 0.47788 0.69128 0.99734 0.99998

Enter Home-True 0.47788 2.2561e-05 0.99998 0.69128 0.99083 0.47788

Leave Home-False 0.99676 0.16667 0.83333 0.91139 0.96539 0.99676

Leave Home-True 0.83333 0.0032439 0.99676 0.91139 0.98217 0.83333

Other Activity-False 0.9981 0.20639 0.79361 0.89 0.9686 0.9981

Other Activity-True 0.79361 0.0018955 0.9981 0.89 0.98499 0.79361

Personal Hygiene-False 0.99959 0.31144 0.68856 0.82963 0.98115 0.99959

Personal Hygiene-True 0.68856 0.00040513 0.99959 0.82963 0.99055 0.68856

Relax-False 0.99957 0.2824 0.7176 0.84693 0.98108 0.99957

Relax-True 0.7176 0.00043162 0.99957 0.84693 0.99127 0.7176

Sleep-False 0.99599 0.071963 0.92804 0.96142 0.95793 0.99599

Sleep-True 0.92804 0.0040061 0.99599 0.96142 0.99295 0.92804

Wash Dishes-False 0.99995 0.62808 0.37192 0.60984 0.99426 0.99995

Wash Dishes-True 0.37192 4.5306e-05 0.99995 0.60984 0.98693 0.37192

Watch TV-False 0.99986 0.094708 0.90529 0.9514 0.99923 0.99986

Watch TV-True 0.90529 0.00013577 0.99986 0.9514 0.98187 0.90529

Work-False 0.99998 0.31818 0.68182 0.82571 0.99953 0.99998

Work-True 0.68182 2.248e-05 0.99998 0.82571 0.97826 0.68182

Table E.26: hh129 activity forecasting accuracies.
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F ACTIVITY DISCOVERY RESULTS

0 1 2 3 4 5 6 7 ←guessed

8163 0 11 25 51 2116 1018 771 0 = Other Activity

0 0 0 0 0 0 0 0 1 = Pat 0

836 0 68 0 0 5 1350 0 2 = Pat 11

1138 0 0 87 0 11 0 0 3 = Pat 12

689 0 0 0 345 156 0 1036 4 = Pat 13

1459 0 0 0 5 7531 0 23 5 = Pat 3

698 0 35 0 0 0 3025 0 6 = Pat 5

750 0 0 0 89 118 0 2293 7 = Pat 6

Table F.1: Results for navan week.AD activity recognition, with an accuracy of 63.453.

0 1 2 3 4 5 6 7 ←guessed

45239 32015 17363 307 0 12449 5609 1385 0 = Other Activity

5987 305664 5111 36 0 2683 1280 183 1 = Pat 0

1793 4905 133561 80 0 114 48 2 2 = Pat 1

2017 5940 5452 2537 0 237 68 15 3 = Pat 11

824 3358 5369 4 10 34 7 2 4 = Pat 14

6580 1882 337 27 0 102431 124 37 5 = Pat 2

3209 5327 345 4 0 602 66186 131 6 = Pat 3

3688 3455 319 9 0 697 652 15217 7 = Pat 8

Table F.2: Results for navan 2012.AD activity recognition, with an accuracy of 82.52.
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0 1 2 3 4 5 6 7 ←guessed

9416 3410 0 21 1285 5588 1248 12 0 = Other Activity

555 78896 0 0 130 124 8 0 1 = Pat 0

5 4 0 0 0 0 0 0 2 = Pat 1

104 204 0 293 5166 10 130 1 3 = Pat 11

106 292 0 118 42089 10 255 0 4 = Pat 2

284 407 0 0 76 37859 8 0 5 = Pat 3

51 91 0 0 103 3 26836 118 6 = Pat 4

76 120 0 2 164 1 6606 420 7 = Pat 9

Table F.3: Results for hh101.AD activity recognition, with an accuracy of 87.923.

0 1 2 3 4 5 6 7 ←guessed

14217 9734 0 1779 1525 13487 4776 6132 0 = Other Activity

802 50786 0 0 18 0 7 240 1 = Pat 0

0 0 0 1 0 0 0 0 2 = Pat 1

959 4 0 8802 4 123 1307 1901 3 = Pat 12

1414 756 0 5 8019 0 12 1018 4 = Pat 13

620 10 0 23 0 49121 685 203 5 = Pat 2

833 28 0 278 1 798 61711 152 6 = Pat 3

2835 749 0 322 447 98 181 35015 7 = Pat 5

Table F.4: Results for hh102.AD activity recognition, with an accuracy of 80.752.

0 1 2 3 4 5 6 7 ←guessed

14117 1938 1020 175 325 426 0 1530 0 = Other Activity

143 23576 0 0 0 0 0 65 1 = Pat 0

38 0 37115 0 0 2 0 2 2 = Pat 1

2855 3 63 724 0 0 0 3 3 = Pat 11

1135 0 0 0 1149 0 0 22 4 = Pat 12

747 0 780 5 0 1557 0 7 5 = Pat 13

1069 105 2 4 0 0 33 2326 6 = Pat 2

1101 245 11 13 0 0 1 18083 7 = Pat 3

Table F.5: Results for hh103.AD activity recognition, with an accuracy of 85.637.
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0 1 2 3 4 5 6 7 ←guessed

21743 8377 5199 1979 1381 0 6433 345 0 = Other Activity

1841 89317 64 442 38 0 28 578 1 = Pat 0

3238 116 108857 71 230 0 160 1 2 = Pat 1

637 2547 124 19007 25 0 18 147 3 = Pat 10

7627 617 1148 34 6869 0 373 28 4 = Pat 11

4 0 0 0 0 0 1 0 5 = Pat 2

855 82 215 20 13 0 31377 0 6 = Pat 5

2368 16086 82 1299 42 0 9 2614 7 = Pat 7

Table F.6: Results for hh104.AD activity recognition, with an accuracy of 81.166.

0 1 2 3 4 5 6 7 ←guessed

9758 5843 2 34 1957 3179 2010 317 0 = Other Activity

145 51711 0 0 43 0 27 19 1 = Pat 0

1021 322 36 26 2292 35 384 13 2 = Pat 1

478 55 2 258 164 308 2157 0 3 = Pat 10

1204 844 9 2 17355 55 845 54 4 = Pat 2

393 19 0 4 10 17177 148 0 5 = Pat 4

617 64 0 83 315 339 17999 1 6 = Pat 6

596 1726 0 0 1034 8 198 3410 7 = Pat 9

Table F.7: Results for hh105.AD activity recognition, with an accuracy of 80.014.

0 1 2 3 4 5 6 7 ←guessed

21624 0 3280 24 3726 4958 2717 2624 0 = Other Activity

1 0 0 0 0 0 0 0 1 = Pat 0

2267 0 55226 0 198 1093 28 62 2 = Pat 1

3453 0 125 132 5 147 7 835 3 = Pat 13

478 0 229 0 37188 557 15 27 4 = Pat 2

5540 0 2087 0 2230 23554 812 119 5 = Pat 3

1376 0 77 0 30 1141 12338 14 6 = Pat 6

1193 0 28 2 10 142 8 11743 7 = Pat 7

Table F.8: Results for hh106.AD activity recognition, with an accuracy of 79.523.
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0 1 2 3 4 5 6 7 ←guessed

16081 9056 4732 1020 2 627 2587 1645 0 = Other Activity

729 54036 770 2 1 217 256 75 1 = Pat 0

1712 1250 43917 10 0 238 111 148 2 = Pat 1

2377 41 85 2365 0 15 0 21 3 = Pat 11

346 666 769 13 53 1745 54 54 4 = Pat 2

513 724 1278 33 25 22145 62 106 5 = Pat 4

457 1280 816 0 0 85 15800 44 6 = Pat 5

1855 236 497 10 0 48 7 9635 7 = Pat 9

Table F.9: Results for hh107.AD activity recognition, with an accuracy of 80.613.

0 1 2 3 4 5 6 7 ←guessed

14945 13844 0 0 54 4123 10132 3142 0 = Other Activity

2080 77418 0 0 6 190 1359 51 1 = Pat 0

304 706 23 0 0 15 300 17 2 = Pat 1

1014 240 0 29 0 67 2402 3516 3 = Pat 11

2824 1550 1 0 334 43 228 8 4 = Pat 14

519 174 0 0 0 57660 850 34 5 = Pat 2

2220 3103 0 2 0 1607 53373 1306 6 = Pat 3

1392 331 0 1 0 172 2886 22262 7 = Pat 5

Table F.10: Results for hh108.AD activity recognition, with an accuracy of 78.255.

0 1 2 3 4 5 6 7 ←guessed

67643 18974 5837 3 1 0 1132 854 0 = Other Activity

4910 99777 19 0 0 0 2 128 1 = Pat 0

3332 5 107479 0 0 0 571 4 2 = Pat 1

12960 3047 29 25 0 0 6 1844 3 = Pat 10

1189 1 1957 0 6 0 3738 2 4 = Pat 13

2 0 0 0 0 0 0 0 5 = Pat 2

1179 2 2965 0 0 0 32657 3 6 = Pat 5

3097 2042 6 3 0 0 2 21964 7 = Pat 6

Table F.11: Results for hh109.AD activity recognition, with an accuracy of 82.512.
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0 1 2 3 4 5 6 7 ←guessed

16496 72 3375 34 3066 3179 3705 1505 0 = Other Activity

2264 334 4968 22 1016 809 318 2426 1 = Pat 0

1456 51 55152 0 285 244 161 209 2 = Pat 1

398 6 39 214 5595 174 69 125 3 = Pat 10

560 0 175 54 41625 142 76 282 4 = Pat 2

2005 35 425 7 280 24590 954 581 5 = Pat 4

892 11 114 1 212 365 20157 116 6 = Pat 6

1281 62 274 21 2301 775 275 14873 7 = Pat 7

Table F.12: Results for hh111.AD activity recognition, with an accuracy of 78.378.

0 1 2 3 4 5 6 7 ←guessed

64834 12940 2107 473 99 1342 2539 1517 0 = Other Activity

2299 200989 4 41 1 3288 236 2 1 = Pat 0

2814 46 9923 0 2 0 302 19 2 = Pat 12

4023 3539 2 3201 0 109 188 0 3 = Pat 14

11233 1645 84 6 1143 753 3563 4096 4 = Pat 2

3280 33749 2 39 22 12527 249 4 5 = Pat 3

12966 3746 630 12 164 282 25488 162 6 = Pat 5

3767 119 7 0 186 20 99 31844 7 = Pat 6

Table F.13: Results for hh112.AD activity recognition, with an accuracy of 74.653.

0 1 2 3 4 5 6 7 ←guessed

193269 50738 19354 945 0 39012 39620 7083 0 = Other Activity

9947 517603 271 0 0 129 377 5377 1 = Pat 0

5031 515 633175 0 0 317 2958 34 2 = Pat 1

8139 360 522 1968 0 32783 36 10 3 = Pat 11

9 0 0 0 0 0 0 0 4 = Pat 2

4674 206 520 306 0 224740 30 0 5 = Pat 3

10134 311 3768 0 0 63 271435 11 6 = Pat 4

20274 144581 646 0 0 209 892 29920 7 = Pat 5

Table F.14: Results for hh113.AD activity recognition, with an accuracy of 82.027.
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0 1 2 3 4 5 6 7 ←guessed

12777 4758 1 1191 0 4853 42 1517 0 = Other Activity

303 53725 0 31 0 35 2 2 1 = Pat 0

326 79 15 2784 0 60 0 31 2 = Pat 10

344 68 1 16815 0 65 0 21 3 = Pat 2

2 0 0 0 0 0 0 0 4 = Pat 3

3315 806 0 143 0 14542 32 26 5 = Pat 4

3599 1575 0 110 0 3293 260 29 6 = Pat 6

325 42 0 267 0 10 0 7232 7 = Pat 8

Table F.15: Results for hh114.AD activity recognition, with an accuracy of 77.787.

0 1 2 3 4 5 6 7 ←guessed

126276 30702 32819 5 0 18165 9985 3829 0 = Other Activity

2693 443803 155 0 0 431 533 4217 1 = Pat 0

2826 45 377120 0 0 814 19 3 2 = Pat 1

7523 613 2376 118 0 26227 385 46 3 = Pat 10

4 0 0 0 0 0 0 0 4 = Pat 2

12898 1387 4672 16 0 163687 675 21 5 = Pat 3

1614 1690 161 0 0 739 205858 9 6 = Pat 4

5613 80922 491 0 0 1247 2617 22342 7 = Pat 6

Table F.16: Results for hh115.AD activity recognition, with an accuracy of 83.785.

0 1 2 3 4 5 6 7 ←guessed

53048 5590 2936 336 4234 139 0 4 0 = Other Activity

3304 159033 471 46 820 35 0 6 1 = Pat 0

3702 840 64561 2 57 438 0 0 2 = Pat 1

9033 664 421 3264 929 3 0 0 3 = Pat 11

3710 1634 166 15 34627 23 0 21 4 = Pat 4

3792 777 20237 3 86 1966 0 1 5 = Pat 5

1 0 0 0 0 0 0 0 6 = Pat 6

1954 925 51 7 4671 11 0 64 7 = Pat 9

Table F.17: Results for hh116.AD activity recognition, with an accuracy of 81.45.
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0 1 2 3 4 5 6 7 ←guessed

18549 20868 21884 5494 0 9582 8384 167 0 = Other Activity

1623 219256 811 46 0 804 60 42 1 = Pat 0

2589 3801 221291 538 0 414 255 20 2 = Pat 1

2696 2294 9556 37073 0 533 779 101 3 = Pat 10

9 6 4 0 0 1 0 0 4 = Pat 2

1660 2893 709 35 0 66547 122 6 5 = Pat 4

598 479 1119 64 0 651 65297 0 6 = Pat 6

3943 28669 6411 7166 0 641 546 1237 7 = Pat 9

Table F.18: Results for hh117.AD activity recognition, with an accuracy of 80.847.

0 1 2 3 4 5 6 7 ←guessed

18916 4781 2141 200 2 5025 1476 3435 0 = Other Activity

652 44431 651 0 0 1 24 6 1 = Pat 0

1765 2138 30896 0 2 10 590 0 2 = Pat 1

2992 7 47 861 0 19 44 0 3 = Pat 14

1337 121 409 5 45 12 2273 4 4 = Pat 2

1693 1 0 0 0 21583 5 120 5 = Pat 3

2475 249 749 2 15 60 13988 4 6 = Pat 5

943 10 0 0 0 214 2 12263 7 = Pat 6

Table F.19: Results for hh118.AD activity recognition, with an accuracy of 79.57.

0 1 2 3 4 5 6 7 ←guessed

8593 1745 1205 66 0 2814 520 681 0 = Other Activity

258 9513 36 2 0 328 1481 8 1 = Pat 0

462 27 23422 1 0 177 35 50 2 = Pat 1

1487 18 103 293 0 184 56 13 3 = Pat 14

0 0 0 0 0 0 0 0 4 = Pat 2

216 12 39 0 0 20132 108 11 5 = Pat 3

311 3694 29 0 0 297 8066 7 6 = Pat 4

1489 2 187 0 0 667 14 3881 7 = Pat 8

Table F.20: Results for hh119.AD activity recognition, with an accuracy of 79.685.
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0 1 2 3 4 5 6 7 ←guessed

23500 5900 0 4886 2322 755 2490 2078 0 = Other Activity

387 65399 0 14 23 767 38 0 1 = Pat 0

0 0 0 0 0 0 0 0 2 = Pat 1

691 193 0 29330 10 15 30 0 3 = Pat 2

869 14 0 12 26662 0 238 8 4 = Pat 3

903 12469 0 99 36 3872 99 4 5 = Pat 4

3965 240 0 65 1316 22 16940 464 6 = Pat 5

2152 45 0 8 191 2 399 9459 7 = Pat 8

Table F.21: Results for hh120.AD activity recognition, with an accuracy of 79.844.

0 1 2 3 4 5 6 7 ←guessed

18366 3322 2 515 1 1446 3299 799 0 = Other Activity

3573 47977 0 59 0 412 59 5 1 = Pat 0

897 214 18 0 0 1871 111 0 2 = Pat 1

849 417 0 4099 0 38 7 14 3 = Pat 12

1217 35 0 4 32 1 0 1157 4 = Pat 13

1164 405 5 2 0 15374 134 8 5 = Pat 3

1070 92 0 4 0 222 12000 10 6 = Pat 6

1838 62 0 17 16 15 0 6682 7 = Pat 8

Table F.22: Results for hh122.AD activity recognition, with an accuracy of 80.461.

0 1 2 3 4 5 6 7 ←guessed

4674 3037 0 619 6435 1152 349 1662 0 = Other Activity

38 32597 0 0 0 6 351 0 1 = Pat 0

0 0 0 0 0 0 0 0 2 = Pat 1

409 258 0 3427 125 20 4 75 3 = Pat 12

71 68 0 19 22382 967 0 1 4 = Pat 2

271 344 0 50 5114 8319 8 5 5 = Pat 3

77 7231 0 3 2 11 1737 0 6 = Pat 4

1072 7 0 11 6 0 0 3822 7 = Pat 6

Table F.23: Results for hh123.AD activity recognition, with an accuracy of 72.034.
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0 1 2 3 4 5 6 7 ←guessed

14848 8183 1847 0 1787 2582 0 4 0 = Other Activity

120 94155 18 0 15 476 0 0 1 = Pat 0

909 68 9599 0 486 506 0 0 2 = Pat 10

356 1360 12 0 10 2302 0 0 3 = Pat 13

358 41 114 0 38650 102 0 19 4 = Pat 2

1153 2884 93 0 64 25872 0 0 5 = Pat 3

1 0 0 0 0 0 0 0 6 = Pat 4

234 18 84 0 6792 35 0 88 7 = Pat 8

Table F.24: Results for hh125.AD activity recognition, with an accuracy of 84.724.

0 1 2 3 4 5 6 7 ←guessed

9755 0 4546 346 6216 1383 1269 699 0 = Other Activity

332 3 5 0 21 0 299 2 1 = Pat 0

124 0 28613 1 256 0 29 41 2 = Pat 1

438 0 23 3811 78 1664 11 111 3 = Pat 11

528 0 289 0 23250 3 18 44 4 = Pat 2

490 0 25 1064 100 7394 43 60 5 = Pat 3

3595 0 780 34 3104 167 4202 522 6 = Pat 4

1658 0 61 20 534 78 809 3784 7 = Pat 8

Table F.25: Results for hh126.AD activity recognition, with an accuracy of 71.685.

0 1 2 3 4 5 6 7 ←guessed

6625 0 1892 7 2029 517 567 424 0 = Other Activity

555 7 15 0 1 2 0 0 1 = Pat 0

123 0 20082 0 24 30 12 9 2 = Pat 1

749 0 160 67 8 12 19 30 3 = Pat 11

286 0 300 0 9795 954 2 21 4 = Pat 2

187 0 265 0 2260 5365 4 15 5 = Pat 4

452 0 215 0 32 13 2664 912 6 = Pat 5

465 0 222 0 28 27 785 3565 7 = Pat 7

Table F.26: Results for hh127.AD activity recognition, with an accuracy of 76.704.
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0 1 2 3 4 5 6 7 ←guessed

40844 9112 16071 1659 4862 89 36 2413 0 = Other Activity

422 121392 665 3 113 28 0 1 1 = Pat 0

1607 73 79245 132 118 0 0 5 2 = Pat 1

3017 109 2866 11161 576 0 0 161 3 = Pat 12

1754 2184 255 5 56898 0 59 13 4 = Pat 2

1800 5831 50 10 501 1520 2 6 5 = Pat 3

2234 1244 315 11 13644 0 409 15 6 = Pat 6

13072 1698 4661 2370 828 0 4 6969 7 = Pat 8

Table F.27: Results for hh128.AD activity recognition, with an accuracy of 76.706.

0 1 2 3 4 5 6 7 ←guessed

10060 4560 954 1998 0 568 2631 95 0 = Other Activity

789 48514 901 39 0 73 28 4 1 = Pat 0

1100 12481 7352 89 0 105 71 8 2 = Pat 1

326 240 12 22122 0 2 1180 58 3 = Pat 2

0 0 0 0 0 0 0 0 4 = Pat 4

247 304 45 7 0 11091 0 20 5 = Pat 5

1205 416 35 4872 0 38 12687 79 6 = Pat 6

2142 1813 834 4359 0 1594 1526 1019 7 = Pat 7

Table F.28: Results for hh129.AD activity recognition, with an accuracy of 70.224.
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G ACTIVITY DISCOVERY RESULTS PER ACTIVITY

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.44881 0.0058545 0.99415 0.66797 0.88855 0.44881

Pat 0 0.98975 0.031666 0.96833 0.97898 0.94572 0.98975

Pat 1 0 0 1 0 - 0

Pat 11 0.049594 0.00065038 0.99935 0.22262 0.67512 0.049594

Pat 2 0.98178 0.038502 0.9615 0.97159 0.85873 0.98178

Pat 3 0.97994 0.031162 0.96884 0.97437 0.86843 0.97994

Pat 4 0.98655 0.042224 0.95778 0.97205 0.76475 0.98655

Pat 9 0.056841 0.00060841 0.99939 0.23834 0.76225 0.056841

Table G.1: hh101.AD activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.27526 0.032407 0.96759 0.51608 0.65577 0.27526

Pat 0 0.97942 0.04903 0.95097 0.96509 0.81824 0.97942

Pat 1 0 0 1 0 - 0

Pat 12 0.67191 0.0089571 0.99104 0.81602 0.78519 0.67191

Pat 13 0.71445 0.0073694 0.99263 0.84213 0.80078 0.71445

Pat 2 0.96958 0.062722 0.93728 0.95329 0.77202 0.96958

Pat 3 0.96724 0.031943 0.96806 0.96765 0.89854 0.96724

Pat 5 0.88317 0.039812 0.96019 0.92087 0.78402 0.88317

Table G.2: hh102.AD activity recognition accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.7228 0.076228 0.92377 0.81713 0.66574 0.7228

Pat 0 0.99125 0.02582 0.97418 0.98268 0.91143 0.99125

Pat 1 0.99887 0.024895 0.97511 0.98692 0.95189 0.99887

Pat 11 0.19846 0.0018095 0.99819 0.44509 0.7861 0.19846

Pat 12 0.49827 0.0029489 0.99705 0.70484 0.77951 0.49827

Pat 13 0.50291 0.0039116 0.99609 0.70777 0.78438 0.50291

Pat 2 0.0093247 9.1763e-06 0.99999 0.096564 0.97059 0.0093247

Pat 3 0.92953 0.042499 0.9575 0.94341 0.82054 0.92953

Table G.3: hh103.AD activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.47832 0.055372 0.94463 0.67219 0.56751 0.47832

Pat 0 0.9676 0.11024 0.88976 0.92786 0.76247 0.9676

Pat 1 0.96613 0.029444 0.97056 0.96834 0.94095 0.96613

Pat 10 0.84457 0.011934 0.98807 0.9135 0.83174 0.84457

Pat 11 0.41142 0.0052712 0.99473 0.63972 0.79891 0.41142

Pat 2 0 0 1 0 - 0

Pat 5 0.96361 0.022496 0.9775 0.97053 0.81713 0.96361

Pat 7 0.11618 0.0034109 0.99659 0.34027 0.70401 0.11618

Table G.4: hh104.AD activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.42242 0.035918 0.96408 0.63816 0.6866 0.42242

Pat 0 0.9955 0.093243 0.90676 0.95009 0.85354 0.9955

Pat 1 0.0087188 9.0924e-05 0.99991 0.09337 0.73469 0.0087188

Pat 10 0.075395 0.001037 0.99896 0.27444 0.63391 0.075395

Pat 2 0.85207 0.045882 0.95412 0.90165 0.74903 0.85207

Pat 4 0.96766 0.030335 0.96966 0.96866 0.81404 0.96766

Pat 6 0.92692 0.045181 0.95482 0.94077 0.75728 0.92692

Pat 9 0.4891 0.002883 0.99712 0.69835 0.89407 0.4891

Table G.5: hh105.AD activity recognition accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.55513 0.08697 0.91303 0.71193 0.6018 0.55513

Pat 0 0 0 1 0 - 0

Pat 1 0.93804 0.040292 0.95971 0.94881 0.90457 0.93804

Pat 13 0.028061 0.00013081 0.99987 0.1675 0.83544 0.028061

Pat 2 0.96607 0.037575 0.96242 0.96425 0.85712 0.96607

Pat 3 0.68587 0.047526 0.95247 0.80825 0.74557 0.68587

Pat 6 0.82385 0.01903 0.98097 0.89898 0.77476 0.82385

Pat 7 0.89464 0.019339 0.98066 0.93666 0.76135 0.89464

Table G.6: hh106.AD activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.44982 0.04763 0.95237 0.65452 0.66809 0.44982

Pat 0 0.96345 0.089914 0.91009 0.93639 0.80304 0.96345

Pat 1 0.92679 0.057317 0.94268 0.9347 0.83075 0.92679

Pat 11 0.48226 0.005479 0.99452 0.69254 0.68491 0.48226

Pat 2 0.014324 0.00014015 0.99986 0.11968 0.65432 0.014324

Pat 4 0.88986 0.016658 0.98334 0.93543 0.88157 0.88986

Pat 5 0.85489 0.016632 0.98337 0.91688 0.837 0.85489

Pat 9 0.7841 0.010947 0.98905 0.88063 0.82154 0.7841

Table G.7: hh107.AD activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.32321 0.042672 0.95733 0.55625 0.59076 0.32321

Pat 0 0.95455 0.096018 0.90398 0.92892 0.79512 0.95455

Pat 1 0.01685 3.4784e-06 1 0.12981 0.95833 0.01685

Pat 11 0.0039901 1.0654e-05 0.99999 0.063167 0.90625 0.0039901

Pat 14 0.066961 0.00021137 0.99979 0.25874 0.84772 0.066961

Pat 2 0.97338 0.027075 0.97292 0.97315 0.90267 0.97338

Pat 3 0.86629 0.0799 0.9201 0.89279 0.74616 0.86629

Pat 5 0.82318 0.030839 0.96916 0.89319 0.73385 0.82318

Table G.8: hh108.AD activity recognition accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.71622 0.087453 0.91255 0.80845 0.71723 0.71622

Pat 0 0.95174 0.081718 0.91828 0.93486 0.80564 0.95174

Pat 1 0.96488 0.037544 0.96246 0.96367 0.90859 0.96488

Pat 10 0.0013958 1.5728e-05 0.99998 0.03736 0.80645 0.0013958

Pat 13 0.00087045 2.5477e-06 1 0.029503 0.85714 0.00087045

Pat 2 0 0 1 0 - 0

Pat 5 0.88727 0.015033 0.98497 0.93484 0.85696 0.88727

Pat 6 0.81006 0.0076152 0.99238 0.8966 0.88568 0.81006

Table G.9: hh109.AD activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.52482 0.046646 0.95335 0.70734 0.65068 0.52482

Pat 0 0.027474 0.0011333 0.99887 0.16566 0.58494 0.027474

Pat 1 0.9582 0.057228 0.94277 0.95045 0.85478 0.9582

Pat 10 0.032326 0.00064751 0.99935 0.17974 0.60623 0.032326

Pat 2 0.96996 0.071507 0.92849 0.949 0.76545 0.96996

Pat 4 0.85154 0.029562 0.97044 0.90905 0.81214 0.85154

Pat 6 0.92176 0.027871 0.97213 0.94661 0.78386 0.92176

Pat 7 0.74882 0.026034 0.97397 0.854 0.73932 0.74882

Table G.10: hh111.AD activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.75519 0.10546 0.89454 0.82192 0.6162 0.75519

Pat 0 0.97162 0.21299 0.78701 0.87445 0.78275 0.97162

Pat 12 0.75713 0.0062239 0.99378 0.86742 0.77773 0.75713

Pat 14 0.28937 0.0012475 0.99875 0.53759 0.84862 0.28937

Pat 2 0.050748 0.0010622 0.99894 0.22515 0.70686 0.050748

Pat 3 0.25118 0.013832 0.98617 0.4977 0.68375 0.25118

Pat 5 0.58661 0.016872 0.98313 0.75941 0.78031 0.58661

Pat 6 0.88352 0.013403 0.9866 0.93364 0.84592 0.88352

Table G.11: hh112.AD activity recognition accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.55216 0.030124 0.96988 0.7318 0.76854 0.55216

Pat 0 0.96983 0.1125 0.8875 0.92775 0.72462 0.96983

Pat 1 0.98621 0.015291 0.98471 0.98546 0.9619 0.98621

Pat 11 0.044913 0.00055886 0.99944 0.21187 0.61137 0.044913

Pat 2 0 0 1 0 - 0

Pat 3 0.97511 0.035341 0.96466 0.96987 0.75606 0.97511

Pat 4 0.95 0.021994 0.97801 0.9639 0.86075 0.95

Pat 5 0.15225 0.0060002 0.994 0.38902 0.70508 0.15225

Table G.12: hh113.AD activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.50825 0.07446 0.92554 0.68586 0.60869 0.50825

Pat 0 0.99311 0.090073 0.90993 0.95061 0.87997 0.99311

Pat 10 0.0045524 1.5133e-05 0.99998 0.067471 0.88235 0.0045524

Pat 2 0.97118 0.03831 0.96169 0.96642 0.78792 0.97118

Pat 3 0 0 1 0 - 0

Pat 4 0.77089 0.071327 0.92867 0.84611 0.63619 0.77089

Pat 6 0.029326 0.00060037 0.9994 0.1712 0.77381 0.029326

Pat 8 0.91823 0.012745 0.98725 0.95212 0.81644 0.91823

Table G.13: hh114.AD activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.56937 0.024096 0.9759 0.74542 0.79196 0.56937

Pat 0 0.98223 0.10061 0.89939 0.9399 0.79369 0.98223

Pat 1 0.99027 0.033406 0.96659 0.97836 0.90265 0.99027

Pat 10 0.0031646 1.3452e-05 0.99999 0.056254 0.84892 0.0031646

Pat 2 0 0 1 0 - 0

Pat 3 0.89273 0.033655 0.96635 0.92881 0.77463 0.89273

Pat 4 0.97994 0.010238 0.98976 0.98484 0.93541 0.97994

Pat 6 0.19731 0.0054708 0.99453 0.44298 0.73332 0.19731

Table G.14: hh115.AD activity recognition accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.80028 0.079089 0.92091 0.85848 0.67539 0.80028

Pat 0 0.9714 0.046367 0.95363 0.96248 0.93845 0.9714

Pat 1 0.9276 0.076105 0.92389 0.92575 0.72669 0.9276

Pat 11 0.22803 0.0010926 0.99891 0.47726 0.88865 0.22803

Pat 4 0.86145 0.030985 0.96902 0.91365 0.76231 0.86145

Pat 5 0.073189 0.0017938 0.99821 0.27029 0.75182 0.073189

Pat 6 0 0 1 0 - 0

Pat 9 0.0083301 8.3995e-05 0.99992 0.091265 0.66667 0.0083301

Table G.15: hh116.AD activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.21841 0.018919 0.98108 0.4629 0.58575 0.21841

Pat 0 0.98479 0.10619 0.89381 0.9382 0.78794 0.98479

Pat 1 0.96672 0.073704 0.9263 0.94629 0.84532 0.96672

Pat 10 0.69907 0.018397 0.9816 0.82838 0.73534 0.69907

Pat 2 0 0 1 0 - 0

Pat 4 0.92462 0.017875 0.98213 0.95294 0.84053 0.92462

Pat 6 0.95732 0.014288 0.98571 0.97141 0.86551 0.95732

Pat 9 0.025446 0.00046046 0.99954 0.15948 0.7864 0.025446

Table G.16: hh117.AD activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.52579 0.082502 0.9175 0.69456 0.61469 0.52579

Pat 0 0.97085 0.054559 0.94544 0.95806 0.85877 0.97085

Pat 1 0.87274 0.027701 0.9723 0.92118 0.88545 0.87274

Pat 14 0.21688 0.001178 0.99882 0.46543 0.80618 0.21688

Pat 2 0.010699 0.00010827 0.99989 0.10343 0.70312 0.010699

Pat 3 0.92227 0.034173 0.96583 0.9438 0.80163 0.92227

Pat 5 0.7974 0.027221 0.97278 0.88074 0.76013 0.7974

Pat 6 0.91297 0.021466 0.97853 0.94518 0.77457 0.91297

Table G.17: hh118.AD activity recognition accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.54999 0.054762 0.94524 0.72102 0.67049 0.54999

Pat 0 0.81825 0.067781 0.93222 0.87338 0.63374 0.81825

Pat 1 0.96889 0.023321 0.97668 0.97278 0.93609 0.96889

Pat 14 0.13603 0.00076171 0.99924 0.36868 0.80939 0.13603

Pat 2 - 0 1 - - -

Pat 3 0.98119 0.061851 0.93815 0.95943 0.81841 0.98119

Pat 4 0.65027 0.027559 0.97244 0.79521 0.78463 0.65027

Pat 8 0.62196 0.0089017 0.9911 0.78512 0.83444 0.62196

Table G.18: hh119.AD activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.56044 0.050533 0.94947 0.72947 0.72381 0.56044

Pat 0 0.98155 0.12347 0.87653 0.92755 0.77616 0.98155

Pat 1 - 0 1 - - -

Pat 2 0.96898 0.026884 0.97312 0.97105 0.85227 0.96898

Pat 3 0.95896 0.020347 0.97965 0.96925 0.87245 0.95896

Pat 4 0.22148 0.0077316 0.99227 0.4688 0.71268 0.22148

Pat 5 0.73614 0.016775 0.98323 0.85076 0.8372 0.73614

Pat 8 0.77179 0.012331 0.98767 0.87308 0.7874 0.77179

Table G.19: hh120.AD activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.66184 0.10381 0.89619 0.77015 0.63388 0.66184

Pat 0 0.92113 0.058406 0.94159 0.93131 0.91343 0.92113

Pat 1 0.0057859 5.5194e-05 0.99994 0.076063 0.72 0.0057859

Pat 12 0.75572 0.0048268 0.99517 0.86722 0.87213 0.75572

Pat 13 0.013083 0.00013334 0.99987 0.11437 0.65306 0.013083

Pat 3 0.89949 0.035491 0.96451 0.93143 0.79333 0.89949

Pat 6 0.89566 0.030977 0.96902 0.93162 0.76874 0.89566

Pat 8 0.77428 0.01643 0.98357 0.87267 0.77026 0.77428

Table G.20: hh122.AD activity recognition accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.26071 0.021798 0.9782 0.505 0.7069 0.26071

Pat 0 0.98803 0.14822 0.85178 0.91738 0.74863 0.98803

Pat 1 - 0 1 - - -

Pat 12 0.79365 0.0068476 0.99315 0.88782 0.82998 0.79365

Pat 2 0.9521 0.14019 0.85981 0.90478 0.65706 0.9521

Pat 3 0.58954 0.023252 0.97675 0.75884 0.79418 0.58954

Pat 4 0.1917 0.007282 0.99272 0.43624 0.70927 0.1917

Pat 6 0.77715 0.017102 0.9829 0.87399 0.68679 0.77715

Table G.21: hh123.AD activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.50761 0.016744 0.98326 0.70648 0.82585 0.50761

Pat 0 0.99336 0.10336 0.89664 0.94376 0.88235 0.99336

Pat 10 0.82979 0.010592 0.98941 0.90609 0.81576 0.82979

Pat 13 0 0 1 0 - 0

Pat 2 0.98386 0.051729 0.94827 0.9659 0.80851 0.98386

Pat 3 0.86051 0.032243 0.96776 0.91256 0.81167 0.86051

Pat 4 0 0 1 0 - 0

Pat 8 0.012136 0.00011005 0.99989 0.11016 0.79279 0.012136

Table G.22: hh125.AD activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.40287 0.080944 0.91906 0.60849 0.57654 0.40287

Pat 0 0.0045317 0 1 0.067318 1 0.0045317

Pat 1 0.98448 0.068473 0.93153 0.95764 0.83318 0.98448

Pat 11 0.62109 0.013743 0.98626 0.78266 0.72233 0.62109

Pat 2 0.96345 0.11635 0.88365 0.92269 0.69281 0.96345

Pat 3 0.8058 0.031819 0.96818 0.88327 0.69174 0.8058

Pat 4 0.33876 0.024699 0.9753 0.5748 0.62904 0.33876

Pat 8 0.54493 0.013981 0.98602 0.73302 0.71898 0.54493

Table G.23: hh126.AD activity recognition accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.54929 0.055519 0.94448 0.72027 0.70165 0.54929

Pat 0 0.012069 0 1 0.10986 1 0.012069

Pat 1 0.99024 0.072178 0.92782 0.95852 0.86744 0.99024

Pat 11 0.064115 0.00011335 0.99989 0.25319 0.90541 0.064115

Pat 2 0.86239 0.085183 0.91482 0.88822 0.69091 0.86239

Pat 4 0.66267 0.028426 0.97157 0.80239 0.77529 0.66267

Pat 5 0.62127 0.023739 0.97626 0.77879 0.65729 0.62127

Pat 7 0.70012 0.024451 0.97555 0.82644 0.71644 0.70012

Table G.24: hh127.AD activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.54396 0.0703 0.9297 0.71114 0.6308 0.54396

Pat 0 0.98995 0.06923 0.93077 0.95991 0.85703 0.98995

Pat 1 0.97616 0.074508 0.92549 0.95049 0.76103 0.97616

Pat 12 0.62387 0.010547 0.98945 0.78568 0.72705 0.62387

Pat 2 0.93019 0.058315 0.94168 0.93592 0.73379 0.93019

Pat 3 0.15638 0.00028859 0.99971 0.39539 0.92853 0.15638

Pat 6 0.022885 0.00025424 0.99975 0.15126 0.80196 0.022885

Pat 8 0.23542 0.0067801 0.99322 0.48356 0.72723 0.23542

Table G.25: hh128.AD activity recognition accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity 0.48212 0.041544 0.95846 0.67978 0.63394 0.48212

Pat 0 0.96357 0.17956 0.82044 0.88913 0.71002 0.96357

Pat 1 0.34669 0.019937 0.98006 0.58291 0.72555 0.34669

Pat 2 0.92406 0.083099 0.9169 0.92047 0.66063 0.92406

Pat 4 - 0 1 - - -

Pat 5 0.94682 0.015975 0.98402 0.96524 0.82332 0.94682

Pat 6 0.65627 0.038455 0.96155 0.79438 0.70005 0.65627

Pat 7 0.076692 0.001791 0.99821 0.27668 0.79423 0.076692

Table G.26: hh129.AD activity recognition accuracies.
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H ACTIVITY DISCOVERY FORECASTING RESULTS

0 1 ←guessed

127 856 0 = False

0 9606 1 = True

Table H.1: Results for navan week.AD Other Activity forecasting, with an accuracy of

91.916.

0 1 ←guessed

201 6 0 = False

0 10382 1 = True

Table H.2: Results for navan week.AD Pat 0 forecasting, with an accuracy of 99.943.

0 1 ←guessed

8341 9 0 = False

538 1701 1 = True

Table H.3: Results for navan week.AD Pat 11 forecasting, with an accuracy of 94.834.
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0 1 ←guessed

8383 26 0 = False

1357 823 1 = True

Table H.4: Results for navan week.AD Pat 12 forecasting, with an accuracy of 86.939.

0 1 ←guessed

8814 45 0 = False

424 1306 1 = True

Table H.5: Results for navan week.AD Pat 13 forecasting, with an accuracy of 95.571.

0 1 ←guessed

6217 99 0 = False

653 3620 1 = True

Table H.6: Results for navan week.AD Pat 3 forecasting, with an accuracy of 92.898.

0 1 ←guessed

8731 14 0 = False

255 1589 1 = True

Table H.7: Results for navan week.AD Pat 5 forecasting, with an accuracy of 97.46.
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0 1 ←guessed

8829 43 0 = False

390 1327 1 = True

Table H.8: Results for navan week.AD Pat 6 forecasting, with an accuracy of 95.911.

0 1 ←guessed

207 539 0 = False

9 63714 1 = True

Table H.9: Results for navan 2014.AD Other Activity forecasting, with an accuracy of

99.15.

0 1 ←guessed

585 139 0 = False

26 63719 1 = True

Table H.10: Results for navan 2014.AD Pat 0 forecasting, with an accuracy of 99.744.

0 1 ←guessed

49902 277 0 = False

1979 12311 1 = True

Table H.11: Results for navan 2014.AD Pat 10 forecasting, with an accuracy of 96.501.
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0 1 ←guessed

44451 3080 0 = False

3433 13505 1 = True

Table H.12: Results for navan 2014.AD Pat 12 forecasting, with an accuracy of 89.897.

0 1 ←guessed

49844 284 0 = False

1855 12486 1 = True

Table H.13: Results for navan 2014.AD Pat 4 forecasting, with an accuracy of 96.682.

0 1 ←guessed

34728 1333 0 = False

3873 24535 1 = True

Table H.14: Results for navan 2014.AD Pat 5 forecasting, with an accuracy of 91.925.

0 1 ←guessed

47965 234 0 = False

2856 13414 1 = True

Table H.15: Results for navan 2014.AD Pat 7 forecasting, with an accuracy of 95.207.
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0 1 ←guessed

20172 3449 0 = False

4526 36322 1 = True

Table H.16: Results for navan 2014.AD Pat 9 forecasting, with an accuracy of 87.63.

0 1 ←guessed

5119 24725 0 = False

136 200419 1 = True

Table H.17: Results for navan 2012.AD Other Activity forecasting, with an accuracy of

89.21.

0 1 ←guessed

136981 2958 0 = False

12421 78039 1 = True

Table H.18: Results for navan 2012.AD Pat 0 forecasting, with an accuracy of 93.325.

0 1 ←guessed

188846 709 0 = False

19393 21451 1 = True

Table H.19: Results for navan 2012.AD Pat 1 forecasting, with an accuracy of 91.275.
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0 1 ←guessed

209401 195 0 = False

11155 9648 1 = True

Table H.20: Results for navan 2012.AD Pat 11 forecasting, with an accuracy of 95.074.

0 1 ←guessed

209817 175 0 = False

12737 7670 1 = True

Table H.21: Results for navan 2012.AD Pat 14 forecasting, with an accuracy of 94.396.

0 1 ←guessed

179690 590 0 = False

24312 25807 1 = True

Table H.22: Results for navan 2012.AD Pat 2 forecasting, with an accuracy of 89.192.

0 1 ←guessed

139099 13301 0 = False

10290 67709 1 = True

Table H.23: Results for navan 2012.AD Pat 3 forecasting, with an accuracy of 89.761.
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0 1 ←guessed

200431 84 0 = False

21414 8470 1 = True

Table H.24: Results for navan 2012.AD Pat 8 forecasting, with an accuracy of 90.669.

.
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I ACTIVITY DISCOVERY FORECASTING RESULTS PER
ACTIVITY

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.97442 0.13772 0.86228 0.91663 0.9087 0.97442

Other Activity-True 0.86228 0.025583 0.97442 0.91663 0.95993 0.86228

Pat 0-False 0.96846 0.0458 0.9542 0.9613 0.96098 0.96846

Pat 0-True 0.9542 0.031544 0.96846 0.9613 0.96293 0.9542

Pat 1-False 0.94113 0.077693 0.92231 0.93167 0.83472 0.94113

Pat 1-True 0.92231 0.058868 0.94113 0.93167 0.97408 0.92231

Pat 11-False 0.99844 0.35214 0.64786 0.80427 0.96935 0.99844

Pat 11-True 0.64786 0.0015633 0.99844 0.80427 0.97379 0.64786

Pat 2-False 0.99813 0.54399 0.45601 0.67465 0.91114 0.99813

Pat 2-True 0.45601 0.0018702 0.99813 0.67465 0.97759 0.45601

Pat 3-False 0.99938 0.46357 0.53643 0.73219 0.95294 0.99938

Pat 3-True 0.53643 0.00061948 0.99938 0.73219 0.98927 0.53643

Pat 4-False 0.99887 0.38775 0.61225 0.78202 0.95757 0.99887

Pat 4-True 0.61225 0.0011306 0.99887 0.78202 0.98408 0.61225

Pat 9-False 0.999 0.3733 0.6267 0.79125 0.96502 0.999

Pat 9-True 0.6267 0.00099806 0.999 0.79125 0.98385 0.6267

Table I.1: hh101.AD activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.98018 0.11629 0.88371 0.93069 0.93419 0.98018

Other Activity-True 0.88371 0.019824 0.98018 0.93069 0.96359 0.88371

Pat 0-False 0.99669 0.21231 0.78769 0.88605 0.9728 0.99669

Pat 0-True 0.78769 0.0033087 0.99669 0.88605 0.96899 0.78769

Pat 1-False 0.90374 0.053334 0.94667 0.92495 0.87795 0.90374

Pat 1-True 0.94667 0.096262 0.90374 0.92495 0.95862 0.94667

Pat 12-False 0.99797 0.29939 0.70061 0.83617 0.96122 0.99797

Pat 12-True 0.70061 0.0020341 0.99797 0.83617 0.97887 0.70061

Pat 13-False 0.99796 0.2216 0.7784 0.88137 0.97455 0.99796

Pat 13-True 0.7784 0.0020414 0.99796 0.88137 0.97819 0.7784

Pat 2-False 0.99796 0.25032 0.74968 0.86496 0.96307 0.99796

Pat 2-True 0.74968 0.0020412 0.99796 0.86496 0.9825 0.74968

Pat 3-False 0.98984 0.28701 0.71299 0.84009 0.92296 0.98984

Pat 3-True 0.71299 0.01016 0.98984 0.84009 0.95283 0.71299

Pat 5-False 0.98026 0.068953 0.93105 0.95533 0.97733 0.98026

Pat 5-True 0.93105 0.019745 0.98026 0.95533 0.93958 0.93105

Table I.2: hh102.AD activity forecasting accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.99557 0.35689 0.64311 0.80016 0.90265 0.99557

Other Activity-True 0.64311 0.0044346 0.99557 0.80016 0.97759 0.64311

Pat 0-False 0.99783 0.50179 0.49821 0.70507 0.93481 0.99783

Pat 0-True 0.49821 0.0021748 0.99783 0.70507 0.96948 0.49821

Pat 1-False 0.99789 0.3163 0.6837 0.82599 0.97327 0.99789

Pat 1-True 0.6837 0.0021149 0.99789 0.82599 0.96552 0.6837

Pat 11-False 0.99907 0.49843 0.50157 0.70789 0.95178 0.99907

Pat 11-True 0.50157 0.00093213 0.99907 0.70789 0.98203 0.50157

Pat 12-False 0.99997 0.74736 0.25264 0.50263 0.96101 0.99997

Pat 12-True 0.25264 2.5489e-05 0.99997 0.50263 0.99814 0.25264

Pat 13-False 0.99887 0.45651 0.54349 0.7368 0.96843 0.99887

Pat 13-True 0.54349 0.0011267 0.99887 0.7368 0.97175 0.54349

Pat 2-False 0.95974 0.046741 0.95326 0.95649 0.90843 0.95974

Pat 2-True 0.95326 0.040263 0.95974 0.95649 0.98 0.95326

Pat 3-False 0.99652 0.56311 0.43689 0.65983 0.86781 0.99652

Pat 3-True 0.43689 0.0034838 0.99652 0.65983 0.97127 0.43689

Table I.3: hh103.AD activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.96545 0.21251 0.78749 0.87194 0.79981 0.96545

Other Activity-True 0.78749 0.034549 0.96545 0.87194 0.96285 0.78749

Pat 0-False 0.96813 0.22118 0.77882 0.86833 0.87624 0.96813

Pat 0-True 0.77882 0.031871 0.96813 0.86833 0.93791 0.77882

Pat 1-False 0.99801 0.20484 0.79516 0.89083 0.94979 0.99801

Pat 1-True 0.79516 0.0019901 0.99801 0.89083 0.99038 0.79516

Pat 10-False 0.99429 0.37594 0.62406 0.78772 0.92429 0.99429

Pat 10-True 0.62406 0.0057067 0.99429 0.78772 0.9595 0.62406

Pat 11-False 0.99832 0.30594 0.69406 0.8324 0.94024 0.99832

Pat 11-True 0.69406 0.001677 0.99832 0.8324 0.98848 0.69406

Pat 2-False 0.9034 0.098597 0.9014 0.9024 0.75097 0.9034

Pat 2-True 0.9014 0.096598 0.9034 0.9024 0.96593 0.9014

Pat 5-False 0.99243 0.17869 0.82131 0.90283 0.97163 0.99243

Pat 5-True 0.82131 0.007568 0.99243 0.90283 0.94623 0.82131

Pat 7-False 0.98653 0.303 0.697 0.82922 0.88525 0.98653

Pat 7-True 0.697 0.01347 0.98653 0.82922 0.95622 0.697

Table I.4: hh104.AD activity forecasting accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.99222 0.17484 0.82516 0.90484 0.95345 0.99222

Other Activity-True 0.82516 0.0077801 0.99222 0.90484 0.96709 0.82516

Pat 0-False 0.99647 0.19402 0.80598 0.89618 0.97535 0.99647

Pat 0-True 0.80598 0.0035317 0.99647 0.89618 0.96735 0.80598

Pat 1-False 0.98595 0.057277 0.94272 0.9641 0.94223 0.98595

Pat 1-True 0.94272 0.014046 0.98595 0.9641 0.98608 0.94272

Pat 10-False 0.99931 0.31915 0.68085 0.82485 0.97302 0.99931

Pat 10-True 0.68085 0.00069435 0.99931 0.82485 0.98839 0.68085

Pat 2-False 0.98757 0.11346 0.88654 0.93569 0.97635 0.98757

Pat 2-True 0.88654 0.012433 0.98757 0.93569 0.93764 0.88654

Pat 4-False 0.99942 0.36436 0.63564 0.79704 0.97315 0.99942

Pat 4-True 0.63564 0.00057678 0.99942 0.79704 0.98815 0.63564

Pat 6-False 0.99816 0.40288 0.59712 0.77202 0.95025 0.99816

Pat 6-True 0.59712 0.001843 0.99816 0.77202 0.97676 0.59712

Pat 9-False 0.99692 0.19753 0.80247 0.89443 0.97676 0.99692

Pat 9-True 0.80247 0.0030796 0.99692 0.89443 0.96903 0.80247

Table I.5: hh105.AD activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.98572 0.17862 0.82138 0.8998 0.91302 0.98572

Other Activity-True 0.82138 0.014282 0.98572 0.8998 0.96798 0.82138

Pat 0-False 0.96136 0.10635 0.89365 0.92689 0.76212 0.96136

Pat 0-True 0.89365 0.038644 0.96136 0.92689 0.98491 0.89365

Pat 1-False 0.99502 0.17673 0.82327 0.90508 0.96519 0.99502

Pat 1-True 0.82327 0.0049768 0.99502 0.90508 0.97109 0.82327

Pat 13-False 0.99633 0.31792 0.68208 0.82436 0.95366 0.99633

Pat 13-True 0.68208 0.0036687 0.99633 0.82436 0.96589 0.68208

Pat 2-False 0.99744 0.11377 0.88623 0.94019 0.98232 0.99744

Pat 2-True 0.88623 0.0025569 0.99744 0.94019 0.98204 0.88623

Pat 3-False 0.98744 0.13394 0.86606 0.92476 0.9643 0.98744

Pat 3-True 0.86606 0.012558 0.98744 0.92476 0.94956 0.86606

Pat 6-False 0.99633 0.14357 0.85643 0.92373 0.98166 0.99633

Pat 6-True 0.85643 0.0036727 0.99633 0.92373 0.96799 0.85643

Pat 7-False 0.99781 0.53805 0.46195 0.67893 0.92358 0.99781

Pat 7-True 0.46195 0.0021853 0.99781 0.67893 0.97009 0.46195

Table I.6: hh106.AD activity forecasting accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.97987 0.11307 0.88693 0.93224 0.90002 0.97987

Other Activity-True 0.88693 0.020135 0.97987 0.93224 0.97696 0.88693

Pat 0-False 0.99307 0.064351 0.93565 0.96393 0.98126 0.99307

Pat 0-True 0.93565 0.0069314 0.99307 0.96393 0.97548 0.93565

Pat 1-False 0.98706 0.023816 0.97618 0.98161 0.9878 0.98706

Pat 1-True 0.97618 0.012937 0.98706 0.98161 0.97477 0.97618

Pat 11-False 0.99906 0.27135 0.72865 0.85321 0.98051 0.99906

Pat 11-True 0.72865 0.0009375 0.99906 0.85321 0.98272 0.72865

Pat 2-False 0.98616 0.090066 0.90993 0.94728 0.80081 0.98616

Pat 2-True 0.90993 0.013845 0.98616 0.94728 0.99444 0.90993

Pat 4-False 0.91486 0.14534 0.85466 0.88424 0.92721 0.91486

Pat 4-True 0.85466 0.085143 0.91486 0.88424 0.83222 0.85466

Pat 5-False 0.99779 0.1263 0.8737 0.93369 0.98017 0.99779

Pat 5-True 0.8737 0.0022083 0.99779 0.93369 0.98443 0.8737

Pat 9-False 0.99781 0.13804 0.86196 0.9274 0.97984 0.99781

Pat 9-True 0.86196 0.0021872 0.99781 0.9274 0.98323 0.86196

Table I.7: hh107.AD activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.97652 0.16119 0.83881 0.90505 0.89806 0.97652

Other Activity-True 0.83881 0.023485 0.97652 0.90505 0.96088 0.83881

Pat 0-False 0.99337 0.16786 0.83214 0.90919 0.95873 0.99337

Pat 0-True 0.83214 0.0066297 0.99337 0.90919 0.96968 0.83214

Pat 1-False 0.47877 0.040609 0.95939 0.67774 0.72555 0.47877

Pat 1-True 0.95939 0.52123 0.47877 0.67774 0.8914 0.95939

Pat 11-False 0.9911 0.091651 0.90835 0.94882 0.97956 0.9911

Pat 11-True 0.90835 0.0089046 0.9911 0.94882 0.95837 0.90835

Pat 14-False 0.99939 0.32376 0.67624 0.82208 0.96126 0.99939

Pat 14-True 0.67624 0.00061459 0.99939 0.82208 0.99275 0.67624

Pat 2-False 0.99051 0.29027 0.70973 0.83845 0.90092 0.99051

Pat 2-True 0.70973 0.0094904 0.99051 0.83845 0.9656 0.70973

Pat 3-False 0.9867 0.11502 0.88498 0.93445 0.95501 0.9867

Pat 3-True 0.88498 0.013302 0.9867 0.93445 0.96413 0.88498

Pat 5-False 0.99023 0.094518 0.90548 0.94691 0.97642 0.99023

Pat 5-True 0.90548 0.0097737 0.99023 0.94691 0.95908 0.90548

Table I.8: hh108.AD activity forecasting accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.98871 0.11204 0.88796 0.93698 0.93566 0.98871

Other Activity-True 0.88796 0.011289 0.98871 0.93698 0.97948 0.88796

Pat 0-False 0.9947 0.14833 0.85167 0.92041 0.96391 0.9947

Pat 0-True 0.85167 0.0052993 0.9947 0.92041 0.97581 0.85167

Pat 1-False 0.99499 0.36929 0.63071 0.79218 0.86901 0.99499

Pat 1-True 0.63071 0.0050115 0.99499 0.79218 0.98081 0.63071

Pat 10-False 0.99084 0.11644 0.88356 0.93566 0.96325 0.99084

Pat 10-True 0.88356 0.0091554 0.99084 0.93566 0.96907 0.88356

Pat 13-False 0.99707 0.18484 0.81516 0.90154 0.9657 0.99707

Pat 13-True 0.81516 0.0029308 0.99707 0.90154 0.98158 0.81516

Pat 2-False 0.96917 0.077056 0.92294 0.94578 0.8437 0.96917

Pat 2-True 0.92294 0.030828 0.96917 0.94578 0.98587 0.92294

Pat 5-False 0.99807 0.27217 0.72783 0.85231 0.95562 0.99807

Pat 5-True 0.72783 0.0019323 0.99807 0.85231 0.98465 0.72783

Pat 6-False 0.9956 0.11987 0.88013 0.93609 0.9778 0.9956

Pat 6-True 0.88013 0.0043985 0.9956 0.93609 0.97418 0.88013

Table I.9: hh109.AD activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.98056 0.14923 0.85077 0.91336 0.91131 0.98056

Other Activity-True 0.85077 0.019438 0.98056 0.91336 0.96551 0.85077

Pat 0-False 0.98389 0.059164 0.94084 0.96212 0.85708 0.98389

Pat 0-True 0.94084 0.016114 0.98389 0.96212 0.99386 0.94084

Pat 1-False 0.98969 0.06652 0.93348 0.96117 0.97704 0.98969

Pat 1-True 0.93348 0.010314 0.98969 0.96117 0.96936 0.93348

Pat 10-False 0.99715 0.28548 0.71452 0.84409 0.95836 0.99715

Pat 10-True 0.71452 0.0028465 0.99715 0.84409 0.97442 0.71452

Pat 2-False 0.99075 0.36482 0.63518 0.79329 0.90118 0.99075

Pat 2-True 0.63518 0.0092526 0.99075 0.79329 0.95336 0.63518

Pat 4-False 0.99595 0.23683 0.76317 0.87183 0.95548 0.99595

Pat 4-True 0.76317 0.0040453 0.99595 0.87183 0.97366 0.76317

Pat 6-False 0.99889 0.36104 0.63896 0.7989 0.957 0.99889

Pat 6-True 0.63896 0.001114 0.99889 0.7989 0.98617 0.63896

Pat 7-False 0.99807 0.30292 0.69708 0.83411 0.95723 0.99807

Pat 7-True 0.69708 0.0019337 0.99807 0.83411 0.9815 0.69708

Table I.10: hh111.AD activity forecasting accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.98777 0.17332 0.82668 0.90364 0.92817 0.98777

Other Activity-True 0.82668 0.012231 0.98777 0.90364 0.96754 0.82668

Pat 0-False 0.95426 0.2821 0.7179 0.82768 0.85022 0.95426

Pat 0-True 0.7179 0.045737 0.95426 0.82768 0.90342 0.7179

Pat 12-False 0.99784 0.19873 0.80127 0.89417 0.98727 0.99784

Pat 12-True 0.80127 0.0021566 0.99784 0.89417 0.96008 0.80127

Pat 14-False 0.99851 0.4013 0.5987 0.77318 0.95471 0.99851

Pat 14-True 0.5987 0.0014881 0.99851 0.77318 0.97938 0.5987

Pat 2-False 0.98796 0.05714 0.94286 0.96515 0.91219 0.98796

Pat 2-True 0.94286 0.012044 0.98796 0.96515 0.99238 0.94286

Pat 3-False 0.98984 0.27616 0.72384 0.84645 0.91999 0.98984

Pat 3-True 0.72384 0.010163 0.98984 0.84645 0.9569 0.72384

Pat 5-False 0.9899 0.16563 0.83437 0.90882 0.96073 0.9899

Pat 5-True 0.83437 0.010097 0.9899 0.90882 0.9528 0.83437

Pat 6-False 0.99779 0.25486 0.74514 0.86226 0.96778 0.99779

Pat 6-True 0.74514 0.0022096 0.99779 0.86226 0.97776 0.74514

Table I.11: hh112.AD activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.97887 0.14459 0.85541 0.91506 0.90935 0.97887

Other Activity-True 0.85541 0.021132 0.97887 0.91506 0.96469 0.85541

Pat 0-False 0.99388 0.13968 0.86032 0.92469 0.97677 0.99388

Pat 0-True 0.86032 0.0061161 0.99388 0.92469 0.95968 0.86032

Pat 1-False 0.99566 0.17436 0.82564 0.90667 0.96497 0.99566

Pat 1-True 0.82564 0.0043419 0.99566 0.90667 0.97526 0.82564

Pat 11-False 0.99684 0.20686 0.79314 0.88917 0.98099 0.99684

Pat 11-True 0.79314 0.0031615 0.99684 0.88917 0.95905 0.79314

Pat 2-False 0.95008 0.12286 0.87714 0.91288 0.80637 0.95008

Pat 2-True 0.87714 0.049919 0.95008 0.91288 0.97026 0.87714

Pat 3-False 0.99714 0.1975 0.8025 0.89454 0.9808 0.99714

Pat 3-True 0.8025 0.0028583 0.99714 0.89454 0.96522 0.8025

Pat 4-False 0.99315 0.35809 0.64191 0.79844 0.9128 0.99315

Pat 4-True 0.64191 0.006853 0.99315 0.79844 0.96127 0.64191

Pat 5-False 0.99187 0.13573 0.86427 0.92588 0.97132 0.99187

Pat 5-True 0.86427 0.0081264 0.99187 0.92588 0.95824 0.86427

Table I.12: hh113.AD activity forecasting accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.98895 0.12746 0.87254 0.92892 0.93519 0.98895

Other Activity-True 0.87254 0.011049 0.98895 0.92892 0.97699 0.87254

Pat 0-False 0.99603 0.16735 0.83265 0.91068 0.9663 0.99603

Pat 0-True 0.83265 0.0039665 0.99603 0.91068 0.97756 0.83265

Pat 10-False 0.99713 0.21307 0.78693 0.88581 0.96132 0.99713

Pat 10-True 0.78693 0.0028732 0.99713 0.88581 0.98098 0.78693

Pat 2-False 0.99647 0.26185 0.73815 0.85764 0.93441 0.99647

Pat 2-True 0.73815 0.0035263 0.99647 0.85764 0.98243 0.73815

Pat 3-False 0.89951 0.029759 0.97024 0.93421 0.91086 0.89951

Pat 3-True 0.97024 0.10049 0.89951 0.93421 0.96617 0.97024

Pat 4-False 0.99188 0.15424 0.84576 0.91591 0.95682 0.99188

Pat 4-True 0.84576 0.0081229 0.99188 0.91591 0.96797 0.84576

Pat 6-False 0.99078 0.13571 0.86429 0.92538 0.95791 0.99078

Pat 6-True 0.86429 0.0092194 0.99078 0.92538 0.96782 0.86429

Pat 8-False 0.99945 0.37865 0.62135 0.78804 0.96427 0.99945

Pat 8-True 0.62135 0.00055092 0.99945 0.78804 0.99102 0.62135

Table I.13: hh114.AD activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.97491 0.20142 0.79858 0.88235 0.87242 0.97491

Other Activity-True 0.79858 0.025091 0.97491 0.88235 0.9575 0.79858

Pat 0-False 0.81866 0.070129 0.92987 0.87249 0.95018 0.81866

Pat 0-True 0.92987 0.18134 0.81866 0.87249 0.75836 0.92987

Pat 1-False 0.99861 0.34216 0.65784 0.81051 0.95705 0.99861

Pat 1-True 0.65784 0.001391 0.99861 0.81051 0.98411 0.65784

Pat 10-False 0.9921 0.22301 0.77699 0.87798 0.95027 0.9921

Pat 10-True 0.77699 0.0079042 0.9921 0.87798 0.95813 0.77699

Pat 2-False 0.94998 0.058388 0.94161 0.94579 0.90994 0.94998

Pat 2-True 0.94161 0.05002 0.94998 0.94579 0.96806 0.94161

Pat 3-False 0.98285 0.13644 0.86356 0.92127 0.95763 0.98285

Pat 3-True 0.86356 0.01715 0.98285 0.92127 0.94135 0.86356

Pat 4-False 0.99783 0.41195 0.58805 0.76601 0.92811 0.99783

Pat 4-True 0.58805 0.002171 0.99783 0.76601 0.9807 0.58805

Pat 6-False 0.99457 0.38646 0.61354 0.78116 0.90119 0.99457

Pat 6-True 0.61354 0.0054288 0.99457 0.78116 0.96959 0.61354

Table I.14: hh115.AD activity forecasting accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.97661 0.16769 0.83231 0.90158 0.91219 0.97661

Other Activity-True 0.83231 0.023394 0.97661 0.90158 0.95226 0.83231

Pat 0-False 0.9974 0.17932 0.82068 0.90474 0.95603 0.9974

Pat 0-True 0.82068 0.0025999 0.9974 0.90474 0.98777 0.82068

Pat 1-False 0.99695 0.24043 0.75957 0.87021 0.96338 0.99695

Pat 1-True 0.75957 0.0030515 0.99695 0.87021 0.97515 0.75957

Pat 11-False 0.99645 0.29425 0.70575 0.8386 0.94279 0.99645

Pat 11-True 0.70575 0.0035459 0.99645 0.8386 0.97614 0.70575

Pat 4-False 0.99147 0.26199 0.73801 0.8554 0.93298 0.99147

Pat 4-True 0.73801 0.0085324 0.99147 0.8554 0.95921 0.73801

Pat 5-False 0.99748 0.22119 0.77881 0.88139 0.96656 0.99748

Pat 5-True 0.77881 0.0025241 0.99748 0.88139 0.97965 0.77881

Pat 6-False 0.92405 0.067412 0.93259 0.92831 0.87882 0.92405

Pat 6-True 0.93259 0.075952 0.92405 0.92831 0.95869 0.93259

Pat 9-False 0.99688 0.26886 0.73114 0.85373 0.95154 0.99688

Pat 9-True 0.73114 0.0031203 0.99688 0.85373 0.9779 0.73114

Table I.15: hh116.AD activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.99301 0.26693 0.73307 0.8532 0.93681 0.99301

Other Activity-True 0.73307 0.0069852 0.99301 0.8532 0.96342 0.73307

Pat 0-False 0.99179 0.19828 0.80172 0.89171 0.96509 0.99179

Pat 0-True 0.80172 0.0082079 0.99179 0.89171 0.94645 0.80172

Pat 1-False 0.99715 0.32838 0.67162 0.81836 0.96084 0.99715

Pat 1-True 0.67162 0.0028473 0.99715 0.81836 0.96688 0.67162

Pat 10-False 0.99738 0.34507 0.65493 0.80821 0.96169 0.99738

Pat 10-True 0.65493 0.0026239 0.99738 0.80821 0.96637 0.65493

Pat 2-False 0.89234 0.052547 0.94745 0.91949 0.91174 0.89234

Pat 2-True 0.94745 0.10766 0.89234 0.91949 0.93535 0.94745

Pat 4-False 0.99851 0.52678 0.47322 0.6874 0.95604 0.99851

Pat 4-True 0.47322 0.0014898 0.99851 0.6874 0.96514 0.47322

Pat 6-False 0.9992 0.48485 0.51515 0.71746 0.96264 0.9992

Pat 6-True 0.51515 0.00079641 0.9992 0.71746 0.98104 0.51515

Pat 9-False 0.99491 0.26458 0.73542 0.85538 0.96204 0.99491

Pat 9-True 0.73542 0.0050857 0.99491 0.85538 0.95547 0.73542

Table I.16: hh117.AD activity forecasting accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.9865 0.13155 0.86845 0.9256 0.92014 0.9865

Other Activity-True 0.86845 0.013496 0.9865 0.9256 0.97668 0.86845

Pat 0-False 0.9975 0.19792 0.80208 0.89447 0.96808 0.9975

Pat 0-True 0.80208 0.0025033 0.9975 0.89447 0.98157 0.80208

Pat 1-False 0.99476 0.1174 0.8826 0.937 0.96469 0.99476

Pat 1-True 0.8826 0.0052358 0.99476 0.937 0.98123 0.8826

Pat 14-False 0.99868 0.32322 0.67678 0.82212 0.95958 0.99868

Pat 14-True 0.67678 0.0013162 0.99868 0.82212 0.98528 0.67678

Pat 2-False 0.9171 0.1399 0.8601 0.88814 0.56825 0.9171

Pat 2-True 0.8601 0.082901 0.9171 0.88814 0.98102 0.8601

Pat 3-False 0.99725 0.31167 0.68833 0.82852 0.95003 0.99725

Pat 3-True 0.68833 0.002748 0.99725 0.82852 0.97683 0.68833

Pat 5-False 0.98994 0.10485 0.89515 0.94135 0.96886 0.98994

Pat 5-True 0.89515 0.010061 0.98994 0.94135 0.96429 0.89515

Pat 6-False 0.9989 0.41278 0.58722 0.76588 0.95407 0.9989

Pat 6-True 0.58722 0.0010964 0.9989 0.76588 0.98423 0.58722

Table I.17: hh118.AD activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.99192 0.20715 0.79285 0.88682 0.91847 0.99192

Other Activity-True 0.79285 0.0080776 0.99192 0.88682 0.97659 0.79285

Pat 0-False 0.99836 0.37298 0.62702 0.7912 0.94888 0.99836

Pat 0-True 0.62702 0.0016406 0.99836 0.7912 0.98218 0.62702

Pat 1-False 0.99831 0.22465 0.77535 0.8798 0.96878 0.99831

Pat 1-True 0.77535 0.0016904 0.99831 0.8798 0.985 0.77535

Pat 14-False 0.99914 0.34976 0.65024 0.80603 0.96707 0.99914

Pat 14-True 0.65024 0.00086042 0.99914 0.80603 0.98658 0.65024

Pat 2-False 0.099828 0.00038355 0.99962 0.31589 0.98305 0.099828

Pat 2-True 0.99962 0.90017 0.099828 0.31589 0.83287 0.99962

Pat 3-False 0.99067 0.24685 0.75315 0.86378 0.931 0.99067

Pat 3-True 0.75315 0.0093309 0.99067 0.86378 0.96001 0.75315

Pat 4-False 0.99831 0.39419 0.60581 0.77768 0.93982 0.99831

Pat 4-True 0.60581 0.0016924 0.99831 0.77768 0.98306 0.60581

Pat 8-False 0.99746 0.23686 0.76314 0.87247 0.96106 0.99746

Pat 8-True 0.76314 0.002544 0.99746 0.87247 0.98084 0.76314

Table I.18: hh119.AD activity forecasting accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.9757 0.1713 0.8287 0.8992 0.89491 0.9757

Other Activity-True 0.8287 0.024304 0.9757 0.8992 0.958 0.8287

Pat 0-False 0.98632 0.34807 0.65193 0.80188 0.88535 0.98632

Pat 0-True 0.65193 0.013676 0.98632 0.80188 0.94592 0.65193

Pat 1-False 0.95952 0.13224 0.86776 0.91249 0.82499 0.95952

Pat 1-True 0.86776 0.040477 0.95952 0.91249 0.97059 0.86776

Pat 2-False 0.9991 0.42316 0.57684 0.75916 0.95188 0.9991

Pat 2-True 0.57684 0.00089884 0.9991 0.75916 0.98711 0.57684

Pat 3-False 0.99788 0.26447 0.73553 0.85672 0.97147 0.99788

Pat 3-True 0.73553 0.0021215 0.99788 0.85672 0.97463 0.73553

Pat 4-False 0.99045 0.25703 0.74297 0.85783 0.93592 0.99045

Pat 4-True 0.74297 0.0095454 0.99045 0.85783 0.95357 0.74297

Pat 5-False 0.99601 0.21157 0.78843 0.88616 0.96431 0.99601

Pat 5-True 0.78843 0.0039883 0.99601 0.88616 0.97179 0.78843

Pat 8-False 0.98906 0.11748 0.88252 0.93427 0.98145 0.98906

Pat 8-True 0.88252 0.010943 0.98906 0.93427 0.9277 0.88252

Table I.19: hh120.AD activity forecasting accuracies.



310

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.98674 0.1876 0.8124 0.89534 0.89904 0.98674

Other Activity-True 0.8124 0.013262 0.98674 0.89534 0.97311 0.8124

Pat 0-False 0.99335 0.11536 0.88464 0.93742 0.96896 0.99335

Pat 0-True 0.88464 0.0066482 0.99335 0.93742 0.97348 0.88464

Pat 1-False 0.84075 0.10569 0.89431 0.86711 0.6946 0.84075

Pat 1-True 0.89431 0.15925 0.84075 0.86711 0.95155 0.89431

Pat 12-False 0.99923 0.35166 0.64834 0.80488 0.97325 0.99923

Pat 12-True 0.64834 0.00077399 0.99923 0.80488 0.98494 0.64834

Pat 13-False 0.99466 0.11748 0.88252 0.93691 0.97967 0.99466

Pat 13-True 0.88252 0.0053365 0.99466 0.93691 0.96672 0.88252

Pat 3-False 0.99647 0.42689 0.57311 0.7557 0.89202 0.99647

Pat 3-True 0.57311 0.0035346 0.99647 0.7557 0.97864 0.57311

Pat 6-False 0.9985 0.30313 0.69687 0.83416 0.95544 0.9985

Pat 6-True 0.69687 0.0014961 0.9985 0.83416 0.98622 0.69687

Pat 8-False 0.9908 0.087302 0.9127 0.95095 0.98237 0.9908

Pat 8-True 0.9127 0.0091994 0.9908 0.95095 0.95286 0.9127

Table I.20: hh122.AD activity forecasting accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.99153 0.17758 0.82242 0.90303 0.92894 0.99153

Other Activity-True 0.82242 0.0084738 0.99153 0.90303 0.97645 0.82242

Pat 0-False 0.98969 0.24087 0.75913 0.86678 0.92198 0.98969

Pat 0-True 0.75913 0.010306 0.98969 0.86678 0.96242 0.75913

Pat 1-False 0.96629 0.12595 0.87405 0.91901 0.80805 0.96629

Pat 1-True 0.87405 0.033708 0.96629 0.91901 0.97928 0.87405

Pat 12-False 0.99859 0.31508 0.68492 0.82701 0.95738 0.99859

Pat 12-True 0.68492 0.0014115 0.99859 0.82701 0.9856 0.68492

Pat 2-False 0.99786 0.22115 0.77885 0.88158 0.96585 0.99786

Pat 2-True 0.77885 0.0021385 0.99786 0.88158 0.98308 0.77885

Pat 3-False 0.99827 0.19309 0.80691 0.8975 0.96884 0.99827

Pat 3-True 0.80691 0.0017312 0.99827 0.8975 0.98726 0.80691

Pat 4-False 0.99324 0.17916 0.82084 0.90294 0.9565 0.99324

Pat 4-True 0.82084 0.0067588 0.99324 0.90294 0.96838 0.82084

Pat 6-False 0.99937 0.36509 0.63491 0.79656 0.97366 0.99937

Pat 6-True 0.63491 0.00062806 0.99937 0.79656 0.98682 0.63491

Table I.21: hh123.AD activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.98725 0.21119 0.78881 0.88247 0.90889 0.98725

Other Activity-True 0.78881 0.012753 0.98725 0.88247 0.96665 0.78881

Pat 0-False 0.99445 0.21216 0.78784 0.88513 0.95851 0.99445

Pat 0-True 0.78784 0.0055518 0.99445 0.88513 0.96643 0.78784

Pat 10-False 0.99825 0.43587 0.56413 0.75043 0.94592 0.99825

Pat 10-True 0.56413 0.0017528 0.99825 0.75043 0.97682 0.56413

Pat 13-False 0.9955 0.26513 0.73487 0.85531 0.95114 0.9955

Pat 13-True 0.73487 0.0044997 0.9955 0.85531 0.96923 0.73487

Pat 2-False 0.99846 0.3899 0.6101 0.78049 0.95339 0.99846

Pat 2-True 0.6101 0.0015388 0.99846 0.78049 0.98025 0.6101

Pat 3-False 0.98557 0.2599 0.7401 0.85406 0.9156 0.98557

Pat 3-True 0.7401 0.014426 0.98557 0.85406 0.94718 0.7401

Pat 4-False 0.86728 0.067913 0.93209 0.8991 0.84067 0.86728

Pat 4-True 0.93209 0.13272 0.86728 0.8991 0.94444 0.93209

Pat 8-False 0.9981 0.39338 0.60662 0.77812 0.95981 0.9981

Pat 8-True 0.60662 0.0019036 0.9981 0.77812 0.97131 0.60662

Table I.22: hh125.AD activity forecasting accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.98944 0.19163 0.80837 0.89434 0.9261 0.98944

Other Activity-True 0.80837 0.010561 0.98944 0.89434 0.96927 0.80837

Pat 0-False 0.96835 0.048843 0.95116 0.95971 0.90385 0.96835

Pat 0-True 0.95116 0.031655 0.96835 0.95971 0.98447 0.95116

Pat 1-False 0.9982 0.29863 0.70137 0.83672 0.94873 0.9982

Pat 1-True 0.70137 0.0017975 0.9982 0.83672 0.98601 0.70137

Pat 11-False 0.99946 0.52015 0.47985 0.69252 0.93764 0.99946

Pat 11-True 0.47985 0.00053657 0.99946 0.69252 0.99133 0.47985

Pat 2-False 0.98953 0.12022 0.87978 0.93304 0.96007 0.98953

Pat 2-True 0.87978 0.010474 0.98953 0.93304 0.96639 0.87978

Pat 3-False 0.99931 0.32948 0.67052 0.81857 0.95685 0.99931

Pat 3-True 0.67052 0.00069228 0.99931 0.81857 0.99251 0.67052

Pat 4-False 0.99049 0.18086 0.81914 0.90075 0.93677 0.99049

Pat 4-True 0.81914 0.0095141 0.99049 0.90075 0.96954 0.81914

Pat 8-False 0.99772 0.38113 0.61887 0.78579 0.92123 0.99772

Pat 8-True 0.61887 0.0022825 0.99772 0.78579 0.98379 0.61887

Table I.23: hh126.AD activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.98653 0.074987 0.92501 0.95528 0.96204 0.98653

Other Activity-True 0.92501 0.013466 0.98653 0.95528 0.97272 0.92501

Pat 0-False 0.97787 0.081898 0.9181 0.94751 0.84216 0.97787

Pat 0-True 0.9181 0.022133 0.97787 0.94751 0.98934 0.9181

Pat 1-False 0.99496 0.063085 0.93692 0.9655 0.98321 0.99496

Pat 1-True 0.93692 0.0050381 0.99496 0.9655 0.98042 0.93692

Pat 11-False 0.99911 0.2147 0.7853 0.88578 0.98186 0.99911

Pat 11-True 0.7853 0.00088604 0.99911 0.88578 0.98705 0.7853

Pat 2-False 0.99705 0.15396 0.84604 0.91845 0.9738 0.99705

Pat 2-True 0.84604 0.0029518 0.99705 0.91845 0.98037 0.84604

Pat 4-False 0.99762 0.26659 0.73341 0.85537 0.95912 0.99762

Pat 4-True 0.73341 0.0023778 0.99762 0.85537 0.98008 0.73341

Pat 5-False 0.99751 0.15806 0.84194 0.91643 0.97844 0.99751

Pat 5-True 0.84194 0.0024866 0.99751 0.91643 0.9792 0.84194

Pat 7-False 0.99785 0.18662 0.81338 0.90091 0.97566 0.99785

Pat 7-True 0.81338 0.0021493 0.99785 0.90091 0.98057 0.81338

Table I.24: hh127.AD activity forecasting accuracies.

Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.9732 0.092048 0.90795 0.94001 0.92236 0.9732

Other Activity-True 0.90795 0.026796 0.9732 0.94001 0.9679 0.90795

Pat 0-False 0.99114 0.28792 0.71208 0.8401 0.87591 0.99114

Pat 0-True 0.71208 0.0088607 0.99114 0.8401 0.97512 0.71208

Pat 1-False 0.99126 0.086801 0.9132 0.95143 0.97375 0.99126

Pat 1-True 0.9132 0.0087425 0.99126 0.95143 0.96984 0.9132

Pat 12-False 0.98679 0.059185 0.94082 0.96353 0.9813 0.98679

Pat 12-True 0.94082 0.013205 0.98679 0.96353 0.95769 0.94082

Pat 2-False 0.97566 0.045655 0.95435 0.96494 0.97384 0.97566

Pat 2-True 0.95435 0.024342 0.97566 0.96494 0.95745 0.95435

Pat 3-False 0.96322 0.06979 0.93021 0.94657 0.90209 0.96322

Pat 3-True 0.93021 0.036782 0.96322 0.94657 0.97428 0.93021

Pat 6-False 0.97702 0.035982 0.96402 0.9705 0.98289 0.97702

Pat 6-True 0.96402 0.022975 0.97702 0.9705 0.95199 0.96402

Pat 8-False 0.97902 0.057075 0.94293 0.9608 0.9698 0.97902

Pat 8-True 0.94293 0.020983 0.97902 0.9608 0.96001 0.94293

Table I.25: hh128.AD activity forecasting accuracies.
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Activity TP Rate FP Rate Specificity G-Mean Precision Recall

Other Activity-False 0.98936 0.18795 0.81205 0.89633 0.92127 0.98936

Other Activity-True 0.81205 0.010642 0.98936 0.89633 0.97169 0.81205

Pat 0-False 0.9865 0.23352 0.76648 0.86956 0.89559 0.9865

Pat 0-True 0.76648 0.013501 0.9865 0.86956 0.96547 0.76648

Pat 1-False 0.98964 0.15515 0.84485 0.91438 0.93694 0.98964

Pat 1-True 0.84485 0.010363 0.98964 0.91438 0.97222 0.84485

Pat 2-False 0.99548 0.20596 0.79404 0.88908 0.95925 0.99548

Pat 2-True 0.79404 0.0045183 0.99548 0.88908 0.97303 0.79404

Pat 4-False 0.9317 0.079075 0.92093 0.9263 0.86671 0.9317

Pat 4-True 0.92093 0.068295 0.9317 0.9263 0.96068 0.92093

Pat 5-False 0.99844 0.37191 0.62809 0.7919 0.94376 0.99844

Pat 5-True 0.62809 0.0015623 0.99844 0.7919 0.98469 0.62809

Pat 6-False 0.99469 0.1964 0.8036 0.89406 0.95858 0.99469

Pat 6-True 0.8036 0.0053077 0.99469 0.89406 0.9707 0.8036

Pat 7-False 0.99239 0.13814 0.86186 0.92482 0.96567 0.99239

Pat 7-True 0.86186 0.0076084 0.99239 0.92482 0.96659 0.86186

Table I.26: hh129.AD activity forecasting accuracies.

.
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J DYNAMIC TIME WARPING FORECASTING RESULTS

0 1 ←guessed

29352 948 0 = False

2283 31886 1 = True

Table J.1: Results for navan 2014.DTW 0 forecasting, with an accuracy of 94.988.

0 1 ←guessed

56574 319 0 = False

304 7272 1 = True

Table J.2: Results for navan 2014.DTW 1 forecasting, with an accuracy of 99.034.

0 1 ←guessed

64220 2 0 = False

44 203 1 = True

Table J.3: Results for navan 2014.DTW 10 forecasting, with an accuracy of 99.929.
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0 1 ←guessed

64385 0 0 = False

77 7 1 = True

Table J.4: Results for navan 2014.DTW 11 forecasting, with an accuracy of 99.881.

0 1 ←guessed

62086 33 0 = False

220 2130 1 = True

Table J.5: Results for navan 2014.DTW 12 forecasting, with an accuracy of 99.608.

0 1 ←guessed

64158 0 0 = False

57 254 1 = True

Table J.6: Results for navan 2014.DTW 13 forecasting, with an accuracy of 99.912.

0 1 ←guessed

59202 11 0 = False

43 5213 1 = True

Table J.7: Results for navan 2014.DTW 14 forecasting, with an accuracy of 99.916.
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0 1 ←guessed

63231 0 0 = False

38 1200 1 = True

Table J.8: Results for navan 2014.DTW 15 forecasting, with an accuracy of 99.941.

0 1 ←guessed

64271 0 0 = False

34 164 1 = True

Table J.9: Results for navan 2014.DTW 16 forecasting, with an accuracy of 99.947.

0 1 ←guessed

64419 0 0 = False

40 10 1 = True

Table J.10: Results for navan 2014.DTW 17 forecasting, with an accuracy of 99.938.

0 1 ←guessed

63622 10 0 = False

62 775 1 = True

Table J.11: Results for navan 2014.DTW 18 forecasting, with an accuracy of 99.888.
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0 1 ←guessed

64411 0 0 = False

21 37 1 = True

Table J.12: Results for navan 2014.DTW 19 forecasting, with an accuracy of 99.967.

0 1 ←guessed

64076 0 0 = False

33 360 1 = True

Table J.13: Results for navan 2014.DTW 2 forecasting, with an accuracy of 99.949.

0 1 ←guessed

64384 0 0 = False

34 51 1 = True

Table J.14: Results for navan 2014.DTW 20 forecasting, with an accuracy of 99.947.

0 1 ←guessed

64390 0 0 = False

15 64 1 = True

Table J.15: Results for navan 2014.DTW 21 forecasting, with an accuracy of 99.977.
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0 1 ←guessed

64426 0 0 = False

43 0 1 = True

Table J.16: Results for navan 2014.DTW 22 forecasting, with an accuracy of 99.933.

0 1 ←guessed

64271 0 0 = False

3 195 1 = True

Table J.17: Results for navan 2014.DTW 23 forecasting, with an accuracy of 99.995.

0 1 ←guessed

64440 0 0 = False

2 27 1 = True

Table J.18: Results for navan 2014.DTW 24 forecasting, with an accuracy of 99.997.

0 1 ←guessed

64413 0 0 = False

55 1 1 = True

Table J.19: Results for navan 2014.DTW 25 forecasting, with an accuracy of 99.915.
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0 1 ←guessed

64417 0 0 = False

28 24 1 = True

Table J.20: Results for navan 2014.DTW 26 forecasting, with an accuracy of 99.957.

0 1 ←guessed

64039 0 0 = False

28 402 1 = True

Table J.21: Results for navan 2014.DTW 27 forecasting, with an accuracy of 99.957.

0 1 ←guessed

63727 0 0 = False

40 702 1 = True

Table J.22: Results for navan 2014.DTW 28 forecasting, with an accuracy of 99.938.

0 1 ←guessed

64414 0 0 = False

21 34 1 = True

Table J.23: Results for navan 2014.DTW 29 forecasting, with an accuracy of 99.967.
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0 1 ←guessed

40284 516 0 = False

20 23649 1 = True

Table J.24: Results for navan 2014.DTW 3 forecasting, with an accuracy of 99.169.

0 1 ←guessed

64441 0 0 = False

21 7 1 = True

Table J.25: Results for navan 2014.DTW 30 forecasting, with an accuracy of 99.967.

0 1 ←guessed

64424 0 0 = False

9 36 1 = True

Table J.26: Results for navan 2014.DTW 31 forecasting, with an accuracy of 99.986.

0 1 ←guessed

64456 0 0 = False

3 10 1 = True

Table J.27: Results for navan 2014.DTW 32 forecasting, with an accuracy of 99.995.
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0 1 ←guessed

64095 0 0 = False

0 374 1 = True

Table J.28: Results for navan 2014.DTW 33 forecasting, with an accuracy of 100.

0 1 ←guessed

64376 0 0 = False

0 93 1 = True

Table J.29: Results for navan 2014.DTW 34 forecasting, with an accuracy of 100.

0 1 ←guessed

64085 3 0 = False

63 318 1 = True

Table J.30: Results for navan 2014.DTW 4 forecasting, with an accuracy of 99.898.

0 1 ←guessed

64399 0 0 = False

37 33 1 = True

Table J.31: Results for navan 2014.DTW 5 forecasting, with an accuracy of 99.943.
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0 1 ←guessed

64373 0 0 = False

20 76 1 = True

Table J.32: Results for navan 2014.DTW 6 forecasting, with an accuracy of 99.969.

0 1 ←guessed

64295 0 0 = False

115 59 1 = True

Table J.33: Results for navan 2014.DTW 7 forecasting, with an accuracy of 99.822.

0 1 ←guessed

64388 0 0 = False

33 48 1 = True

Table J.34: Results for navan 2014.DTW 8 forecasting, with an accuracy of 99.949.

0 1 ←guessed

63943 16 0 = False

66 444 1 = True

Table J.35: Results for navan 2014.DTW 9 forecasting, with an accuracy of 99.873.
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