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Real-time occupancy information is key to track and optimize the resource usage in buildings. With the ulti-
mate goal to reduce energy consumption and improve indoor environment quality, different occupancy mon-
itoring solutions have been introduced in the literature. However, these solutions can be part of the original
problem due to its high energy consumption. This paper proposes the design and validation of a knowledge-
driven energy-efficient system to monitor and analyze buildings occupancy. Such a system is in fact an op-
timization of the actual software solution (Office Master 3000) used to monitor buildings occupancy in an
academic institution. The key contributions are: 1) Optimization of the actual solution: using the knowledge
about the activity expected to take place, our system proactively identifies the minimal sensors data relevant
to the actual state to confirm/deny such an activity by which non-substantial sensors are operated with loos-
ened frequency; 2) Formal validation: using UPPAAL model checker we prove that the original functional
and non-functional properties are maintained post-optimization. The proposed system is implemented in C++,
tested and validated. The results demonstrate that our optimization reduces sensors energy consumption by up
to 31% while maintaining high accuracy (84%) in identifying the occupancy states and activities.

1 INTRODUCTION

With the ever increasing buildings energy demand and
cost, it is paramount to monitor and optimize the en-
ergy consumption of the different loads and comput-
ing components embedded in buildings (Lasla et al.,
2019; Boudjadar et al., 2014). To conduct such an op-
timization, a highly reliable tracking of the actual oc-
cupancy state of building spaces is needed. The build-
ing state refers to the activities, events and potentially
the number of people occupying a building space at
a given time point. Building occupancy monitoring
systems (BOMS) enable to track the state of build-
ing spaces in real-time (Azimi and O’Brien, 2022;
Elkhoukhi et al., 2018; Shokrollahi et al., 2024; Baer-
entzen et al., 2023; Tien et al., 2022). The knowledge
generated by BOMS provides a solid and informative
ground for buildings management to identify when
and where resource utilization can be reduced, so that
to achieve a better space allocation and efficient re-
sources usage (Salimi and Hammad, 2019; Jabirullah
et al., 2021).

Commonly, state of the art BOMS rely on Big
Data analysis where massive quantities of sensor data
(video, audio, step panels, etc.) need to be collected
and run through classification, prediction and opti-
mization engines (Zhang et al., 2019) (Jiang and Yin,
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2015). It is expensive to maintain the real-time aspect
of such a brute-force approach to occupancy analysis
(Elkhoukhi et al., 2018), due to massive data process-
ing, and can result in relatively low accuracy, particu-
larly if the input data blinds out the data related to the
cases with a strong potential to optimization (Salimi
and Hammad, 2020; Pan et al., 2014). Moreover, it
can end up with high energy consumption due to the
cost of collecting and processing massive data (Coste-
naro and Duer, 2012).

Different attempts to optimize the energy con-
sumption of BOMS and improve its decision mak-
ing have been proposed in the literature (Lou et al.,
2017; Rai et al., 2015; McKenna et al., 2015; Dai
et al., 2020; Ahmad et al., 2021; Zhang et al., 2022;
Jiang et al., 2022). However, different challenges
have emerged: 1) it is not trivial to design high fi-
delity models to enable systematic state computation
(Austin et al.,, 2020); 2) an automated semantics-
driven occupancy analysis delivering high confidence
decisions in real-time is expensive computation-wise;
3) optimizing the performance and energy efficiency
of a BOMS can lead to violate safety properties and
degrade reliability metrics given that such metrics
can be conflicting with the performance (Teng et al.,
2021).

This paper proposes the optimization of a state of
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the art BOMS, Office Master 3000, to reduce the data
samples required and the underlying energy consump-
tion, for both data gathering and processing, while
maintaining high accuracy for the occupancy state es-
timation. The resulting optimized BOMS relies on
an intelligent knowledge-driven occupancy estima-
tion so that it proactively identifies which high-level
symbolic facts are needed to change the current state
into an actual event. These facts are run through a se-
mantically well-defined occupancy model to identify
which minimal combination of non-intrusive sensors
can supply data to confirm or contradict these facts,
rather than blindly collect massive data from all sen-
sors post-hoc to recognize ongoing activities. This en-
ables to reduce the sensors frequency, and potentially
switching sensors off for considerable time durations.

To validate the proposed optimization, we have
modeled the optimized BOM in UPPAAL and used
model checking to verify that the original non-
functional properties (correctness, response time, per-
formance and energy consumption) of the Office Mas-
ter BOMS are still maintained post-optimization. Fur-
thermore, the optimized BOMS is implemented in
C++ where we analyzed the underlying performance
and energy, and compare it to the original Office Mas-
ter BOMS and to other state of the art BOMS algo-
rithms.

The rest of the paper is structured as follows: Sec-
tion 2 presents a background about BOMS and UP-
PAAL. Section 3 cites relevant related work. Sec-
tion 4 presents the mathematical modeling and opti-
mization of the proposed BOMS. Section 5 describes
the specification and verification using UPPAAL. Im-
plementation analysis and validation results are dis-
cussed in Section 6. Finally, Section 7 concludes the

paper.

2 BACKGROUND

This section presents the background related to occu-
pancy analysis, optimization and UPPAAL environ-
ment for formal verification and validation.

2.1 Occupancy State Estimation

Occupancy monitoring amounts to observe a specific
area within a building to detect human presence and
recognize occupancy activities (Ahmad et al., 2021).
This typically entails gathering data from sensors that
capture various features associated with human pres-
ence, such as breathing, movement and noise. The
facts obtained from the sensors are then combined
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through an inference process to estimate the occu-
pancy state (Yang et al., 2016).

For building management systems (BOMS) to ef-
fectively utilize this knowledge, real-time data is es-
sential. This allows for timely actions to be taken
based on the current occupancy state, thereby mini-
mizing resource wastage and enhancing indoor com-
fort (Seghezzi et al., 2021; Sun et al., 2020).

With recent advancements enabling the deploy-
ment of BOMS on embedded devices using battery-
powered sensors, optimizing the computational costs
and energy consumption has become crucial. While
reducing data sampling can serve as a means of op-
timization, it may compromise the accuracy of oc-
cupancy estimation (Yang et al., 2016). Hence, it
is imperative to conduct post-optimization validation
to ensure BOMS systems consistency and reliability
(Boudjadar and Tomko, 2022).

2.2 BOMS Optimization

A BOMS optimization is the process of enhancing
different performance metrics such as response time,
resource utilization, and energy consumption (Mi-
noli et al., 2017). The optimization can be achieved
through a variety of techniques, including heuris-
tics, mathematical solvers, and machine learning al-
gorithms. However, it is crucial to ensure that improv-
ing one performance metric does not significantly de-
grade others or violate functional and non-functional
properties (Boudjadar and Khooban, 2020; Boudjadar
and Tomko, 2022). In the context of buildings, the
need for optimization arises from their multifunc-
tional nature, where individual spaces may serve dif-
ferent purposes. Therefore, tailoring a building space
to its current activity is essential. For BOMS, op-
timization aims to reduce energy consumption and
computational costs associated with data gathering
and processing. The key objective of our optimiza-
tion is to achieve real-time knowledge of the occu-
pancy state, enabling dynamic adjustment of sensor
frequencies based on the required data to confirm or
deny an activity (Rault et al., 2014).

2.3 UPPAAL Model Checking

Model checking (E. M. Clarke et al., 1999; Baier
and Katoen, 2008) is a widely used automated ver-
ification technique for examining complex reactive
systems, including hardware components, embed-
ded controllers, and network protocols. The method
works by expressing the specifications of a system
behavior in a semantically well-defined language and
formalize the properties to look for in logical formu-
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las such as LTL or CTL (Baier and Katoen, 2008),
and then check whether the system behavior satisfies
the expected qualities. We use UPPAAL (Boudjadar
et al., 2013) for the post-optimization validation due
to its expressiveness and ability to verify real-time
systems.

UPPAAL is based on Timed Automata the-
ory (Alur and Dill, 1994). As such, each UPPAAL
template (timed automaton) is characterized by the
following:

* A finite set of locations, with one designated as
the initial location,;

* A finite set of transitions connecting locations;
* A finite set of variables;

* A finite set of actions performed on the variables
when executing a transition;

* A finite set of predicates, called guards allowing
the execution of a transition:

* A finite set of synchronization channels.

A sequence of transitions represents the evolution of
the specification. Each transition may be labeled with
one or more actions, a guard and a synchronization.
The state of a specification is given by the current lo-
cation and the actual valuation of the variables. A
specification in UPPAAL relies on combining multi-
ple templates (network of timed automata) to create
complex and modular systems. The composition can
be synchronous where two transitions, one from each
timed automaton, labeled with the same synchroniza-
tion channel can be executed simultaneously.

3 RELATED WORK

Buildings occupancy monitoring has been thoroughly
explored in the recent years where different monitor-
ing models, analysis processes and optimizations are
proposed (Lou et al., 2017; Rai et al., 2015; McKenna
et al., 2015; Dai et al., 2020; Ahmad et al., 2021;
Zhang et al., 2022; Jiang et al., 2022). The ultimate
goal is to deliver highly accurate occupancy state esti-
mation while optimizing the resources to deploy in or-
der to achieve that mission such as energy consump-
tion, accuracy and response time (Lasla et al., 2019;
Trivedi and Badarla, 2020).

Lasla et al (Lasla et al., 2019) proposed an energy-
efficient monitoring system for buildings using in-
frared sensors. The energy optimization comes from
the optimal placing of sensors identified through a
design exploration formulated as mixed integer lin-
ear problem. However, according to the authors, the
accuracy of these experiments is dependent on the

amount of data to be collected. The authors of (Nien-
aber et al., 2020) proposed the validation and tuning
of different occupancy detection algorithms for multi-
person offices where different abstraction models are
considered, and the underlying impact of the decision
accuracy is analyzed. Improvements of the algorithms
have been conducted to achieve a trade-off between
the granularity of the occupancy model, the assump-
tions to make and the decision accuracy. However,
relying only on the CO, emission sensors has been
proven to be less accurate as it depends on the physi-
cal state of the occupants. The authors of (Lou et al.,
2017; Rai et al., 2015) proposed an agent-based oc-
cupancy analysis, that amounts to track the individual
occupants rather than measuring the impact made by
occupants on their surroundings. Although this alter-
native can enable accurate occupancy of the individu-
als, it can suffer from the scalability and the compu-
tation cost.

A state-based occupancy model has been pro-
posed in (McKenna et al., 2015). It consists in creat-
ing stochastic data in terms of how probable an occu-
pancy state will occur. This process enables to infer
the location of occupants and their activities. How-
ever, the bottleneck can be related to the massive data
gathering which drains sensor batteries and computa-
tion resources. Similarly, the authors of (Jiang et al.,
2022) proposed a semantic (trust-based) model for oc-
cupancy analysis where the sensors triggering order
and data are fed to a sequence matching scheme to
estimate the occupancy state. The sequence matching
scheme relies on known human activity sequences,
which may lead to uncertainty when partial states or
unknown scenarios are encountered.

Machine learning-based occupancy monitoring
has also been explored. The authors of (Tien et al.,
2022) proposed an occupancy monitoring model us-
ing convolutional neural networks and cameras to
sample the building spaces. Although this approach
achieves high accuracy, it requires massive data and
may suffer from computation cost and privacy con-
cerns.

Alternatively, a knowledge-based occupancy anal-
ysis has been proposed in (Ahmad et al., 2021). It
consists in designing a domain-specific model encod-
ing the activities to be carried out in the building and
run the actual data through such a model to identify
the occupancy state. In (Cala et al., 2015), the au-
thors presented the evaluation and validation of an oc-
cupancy detection system based on the concentration
of CO; in the indoor air. The validation amounted
to check the similarity between the proposed BOMS
outputs and the actual occupancy state reported by the
occupants.
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In this paper, we propose a knowledge-driven
proactive BOMS system to analyze the actual occu-
pancy state and identify the minimal data to collect in
order to infer the ongoing activity in real-time, as an
optimization of the actual Office Master 3000 BOMS.
We analyze the proposed BOMS post-optimization to
examine the performance improvement and confirm
that the original functional and non-functional prop-
erties are maintained.

4 OPTIMIZED OCCUPANCY
MONITORING

This section presents the proposed occupancy analy-
sis model and optimization.

4.1 Occupancy State Specification

The original BOMS we consider monitor building
spaces (classrooms, meeting rooms, etc) using CO,
sensors, motion sensors, noise sensors and light sen-
sors. The sensors are installed in different room ends,
where each location contains a sensor from each cate-
gory. The non-intrusive sensors are quantitative: light
sensors in lux, CO, in parts per million (ppm), audio
in decibels (dB), and motion in four levels: none (0),
low (1), medium (2), and active (3).

Following the building functionality and sensors,
we define the following language grammar £ allow-
ing to describe the different occupancy activities.

L2 E|E|...|E,
E& (F,c)|(F,c)NE

F£ S|SAF
SE vela,b]
c2 HM|L

The language specifies each potential occupancy
event E through a set of features F, each of which
is recognizable through a subset of sensors S if the
value v of each sensor is within certain range [a,b].
The confidence level ¢ states how much a feature is
able to identify an event and can have values high (H),
medium (M) or low (L). One can see that different
events can have different features, which in turn can
have different numbers of sensors associated.

We define a semantics function ||e|| : £ — P(S) x
P(c) to infer for each event the sensors and confi-
dence levels from the event features, according to L.
E is the set of events, whereas .S represents the set of
sensors and P() is the power set (set of all subsets).
Thanks to language £ describing all potential events
and features in a structured manner, we will be able to
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automate a thorough analysis of the occupancy state
in real-time. This in fact will be done by projecting
the sensor readings to identify the features present at
the given time point. The features in turn enable to
recognize the candidate events. An example of a fea-
ture is ’one or few people present in the front of class-
room”. This feature will be identified if the values of
sensor §; and S; are within these respective ranges:
vs; € [410,700ppm] Avs; € [2,3]. Accordingly, we
specify the lecture event E; as follows:

E1 %2 (F1,H)N{(Fy,H) N\ (F4,M)\
<F7,M> A\ <F10,L> A\ <F18,L>

The confidence level indicates how critical a sen-
sor can contribute in recognizing an event. Nomi-
nally, the sensors of features having low confidence
for a given event e can be discarded while e is being
confirmed through high confidence features. The cal-
culation and optimization of sensors frequency will
be defined in the next section.

We define a valuation function V[S;](t) to return
the value of a given sensor S; at time point ¢. A state
of the proposed BOMS s at time ¢ is given by the
readings (V[S;](t)) from each of the sensors sampled
at time ¢.

s(t) = (V[Si](1), V[S2](2), -, VSal (1))

For the sake of notation, we use s to refer to the actual
state, i.e. having the latest sensor readings. V returns
the value of any sensor for any time point.

4.2 Knowledge-Driven Optimized
Occupancy Analysis

The proposed BOMS optimization amounts to infer
the sensors to use in order to recognize the expected
event €. The expected event can initially be obtained
from the schedule of the monitored space. Alterna-
tively, it can be set through a brute force data sampling
by activating all sensors with the highest frequency,
then the event recognized will be set to be the ex-
pected one. The optimization algorithm changes the
expected event dynamically at runtime following the
features recognized through occupancy analysis, as
one can see in Algorithm 1. The sensors are planned
on-the-fly where a sliding of the frequencies is cal-
culated and applied following the expected event and
the actual occupancy state.

Sensing Plan. A sensing plan R specifies the sen-
sors and the frequency for each to sample oc-
cupancy data. Namely, R is given by R =
((Sx,7x),(Sy,ry),(Sz72),...), where S; are sensors
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and r; are frequencies. For the sake of notation, we
omit to specify time points as part of the sensing plans
given that the knowledge expected for the occupancy
state defines what sensors to operate and how often
rather than the actual values of sensors. We simply
write R to refer to the actual sensing plan.

Given that a sensor can be utilized to recognize
different features of a given event, such a sensor runs
the same (highest) frequency for the different features
of the event but with respective reading ranges for
each of the features.

Our occupancy analysis is carried out by combin-
ing the sensor readings and comparing the inferred
occupancy state to the features of the expected event,
or any other event of the language L, in case the ex-
pected event cannot be approved. This results in 3
different cases: 1) good matching; 2) no matching; 3)
partial matching.

Good Matching. This corresponds to the case when
the actual occupancy state (sensor readings) matches
a single event e. This results in updating € to e, where
a sensing plan is computed as follows:

R= ((Sl,rl),..,(S,,,rn) | Vi ECJ' (Si,Cj) S He|| A\

2 ife;=H
I",':{4 iij:M

8 iij:L

For the frequency calculation of each sensor, we
associate frequencies of 2, 4 and 8 minutes respec-
tively for sensors having high (H), medium (M) and
low (L) confidence levels respectively. Those fre-
quencies are analyzed empirically and proven to be
sufficient to capture the occupancy features using the
underlying confidence levels. Hence, an event be-
ing confirmed through few consecutive sampling it-
erations leads to an optimization of the sensing plan
where sensors with the lowest confidence are dis-
carded from the sensing plan as follows:

R=R/{(Si,ri) | (Si,ri) € ||e[| Ari =8}

Discarding a sensor from the sensing plan
amounts to operating the sensor with the lowest fre-
quency or switching off the sensor if it has already
been operating at the lowest frequency for many con-
secutive iterations. Further elaboration on the opti-
mization of sensing plans is provided in Section 4.3.

No Matching. No-match situation emerges when
the outcomes from the actual sensing plan does not
match any event of the language L. To resolve such
a problem, the sensing plan is expanded to include all
sensors with high frequency (2 minutes) to be able to

get a starting point so that either a good matching or
a partial matching of an event occurs.

R=1{(51,2),(52,2),...,(Sn,2))
In fact, the occurrence of a no-match case can be

interpreted as a rejection or disapproval of the ex-
pected event €.

Partial Matching. This case occurs when the actual
occupancy state partially matches one or more events.
To calibrate the sensing plan efficiently, we need to
distinguish how many events partially match the ac-
tual state.

In case of a partial matching of the actual state to
a single event e, we compute a new sensing plan as an
update of the actual sensing plan R where all the sen-
sors belonging to the features with high confidence in
event e are included. Such sensors will run with high-
est frequency since they are given high confidence H.
The new sensing plan is calculated as follows:

R =RU{(S;,r)|(Si,ri) € |le|]|Ari =2}

In case this is insufficient to conclusively con-
firm the event that partially matches the actual state,
the sensing plan will undergo an upgrade by incor-
porating sensors associated with features that exhibit
medium confidence in event e. These sensors will
operate at a medium frequency of 4 minutes, corre-
sponding to their assigned medium confidence level
M.

R=RU{(S;,ri)[(Si,ri) € llel][ Ari =4}

In case the partial matching persists, the sensing
plan will be expanded further to include all the sensor,
being Off, belonging to the features with low confi-
dence in event e. This will lead to either confirm the
actual event e (good matching case), or disapprove it
(no-match case). Accordingly, the update of the sens-
ing plan R is made as follows:

R=RU{(S;,r)|(Si,ri) € |le|| Ari =8}

When facing partial matches to multiple events, it
becomes crucial to pinpoint the ongoing event with-
out engaging all sensors. To accomplish this, we be-
gin by determining the semantic differences between
the candidate events. For instance, if two events e
and ¢; exhibit partial alignment with the current state,
we compute the set of distinguishing features between
them, denoted as D = ||ex|| — ||e;|]- The sensing plan
is then updated as follows: R = RUD. This enables
to decide which of the events is actually ongoing.
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4.3 Sensing Plans Optimization

Our BOMS optimization is achieved through mini-
mizing the real-time sensing plan to involve less sen-
sors in tracking the actual occupancy state. It consists
of tracking the actual occupancy state and matches it
to the events defined in £, so that our BOMS always
ends with a good match case. Following the actual
state, the optimization algorithm alternates between
the different cases (good, partial, and no-match) with
the lowest number of sensors active.

A sketch of the optimization algorithm is shown in
Algorithm. 1. The optimization results from the case
an event occurrence is consistently confirmed across
consecutive iterations, resulting in a reduction in the
number of sensors required to track the event.

Upon initial identification (good match) of an
event, no optimization takes place. However, upon the
second consecutive confirmation, all sensors assigned
to features with low confidence are deactivated.

Similarly, with further consecutive confirmations
of the expected event, sensors assigned to features
with medium confidence are deactivated. Beyond this
point, no further optimization occurs as the sensing
plan comprises only a few high-confidence sensors
that are sufficient to track and identify the ongoing
occupancy event.

Algorithm 1: Controller Strategy.

1: Efxpected € Events > Select an event to be
monitored.

2: AdjustSensors(Egxpeciea) > Sensors for the event.

3: Monitor(Egxpected) > Monitor the event.

4: switch MonitorStatus(Egxpecied) : > Status of
event.

5: case eventOccurred: 1> The event has occurred.

6: OptimizeSensors(Egxpected)

7: Go to step 3 break.

8: case otherEventOccurred. > Other event has
occurred.

9: Egxpected < Eother > Select other event.

10:  AddSensors(Egypeciea) > Add sensors for the
event.

11: Go to step 3. break.

12: case eventMaybeOccurred.:
occurred.

13: Go to step 2. break.
again.

14: case default: > Unexpected event.
15: TurnOnSensors() > Gather more information
using more sensors.

16: Go to step 3. break.

> Event may have

> Monitor the event

> Monitor the system.
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S FORMAL VERIFICATION AND
VALIDATION

To conduct formal verification and validation of the
proposed optimization, we modeled our BOMS in
UPPAAL and specified the properties to look for
in CTL logic. The model specification is modular
and consists of three components (templates), a Con-
troller, a Sensor and an Environment. The templates
can be instantiated with different parameters to create
different system architectures and configurations, and
integrate new sensors, events and environments. The
model is available here.

5.1 Model of the BOMS Control

The Controller process monitors the environment us-
ing Sensor instances, while the Environment simu-
lates the occupancy events. The Controller template
is illustrated in Figure 1, and summarized functional-
ity of the Controller is depicted in Algorithm 1. The
Controller recognizes occupancy events while mini-
mizing the energy consumption of the Sensors. This
is achieved by activating and deactivating the Sen-
sor instances according to the occupancy current state
using the turn_on and furn_off channels, respectively
(which correspond to the functions AddSensors() and
OptimizeSensors() in the algorithm) and by adjusting
the sampling rate of the Sensors using the global vari-
able sample_frequency (which corresponds to Adjust-
Sensors() in the algorithm) since the energy consump-
tion of a sensor depends on its sampling rate and the
time duration it is active. The Controller only mon-
itors one event at a time (Egypecres) and switches be-
tween the different events to monitor based on the oc-
cupancy state. In Algorithm 1, line 5 corresponds to a
good matching to the expected event, line 8 describes
no matching to the expected event but another event
is recognized. Line 12 is a partial matching of the ex-
pected event, while line 12 describes no matching to
any of the events in L.

5.2 Sensors Modeling

The Sensor template, depicted in Figure 2, com-
prises two locations: On and Off. It samples the
Environment and reports the sampled value to the
Controller when active. The sensor value is read
from the global array environment_state, that con-
tains the current state of the Environment and is up-
dated by the Environment template, through func-
tion read() which corresponds to Monitor() in the
algorithm. The periodic sensing, according to the
frequency sensor_frequencylid], is modeled using a
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The Controller template.

Figure 1

on the sampling rate of the Sensor (frequency) and
its local clock variable sample_clock. The Controller

state invariant in the On location and a clock con-

based

ing

rming the sampl

straint on transition perfo
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adjusts the sampling frequency by updating the ar-
ray sensor_frequency[id], with which each sensor
synchronizes using its Id. Furthermore, each sensor
keeps track of its energy consumption by accounting
for the number of samples taken and the number of
time units spent in the location On through a global
variable energy_consumption.

sensor_frequency(id] '= sampling_rate_none

sampling_clock := 0

turn_on[id]?

On
sampling_clock <= sensor_frequency[id]

turn_off[id]?
turnoff()
sampling_clock == sensor_frequency(id]

read(), sampling_clock := 0

Figure 2: The Sensor template.

5.3 Environment Modeling

The Environment template, depicted in Figure 3,
comprises two locations and periodically generates
occupancy events. The events are generated non-
deterministically upon which a global variable repre-
senting the current occupancy state is updated. Such a
variable is read by the function read() of the different
sensors. The periodic behavior of the Environment
is modeled using a clock constraint on the transition
that generates the new events based on the global vari-
able event_period that determines the time between
two events. The event_period has to be much larger
than sampling _period to ensure that the Controller has
time to detect the event. The Environment is made fi-
nite by constraining the number of events generated
before the Environment goes into an Off state.

5.4 Validation Properties

We specified and verified the following properties for
the optimized BOMS using UPPAAL. The queries are
given in the formulas 1, 2, 3, 4, 5 and also available
here:

* Correctness: The Controller should be able to rec-
ognize all the events generated by Environment.

* Energy Consumption: The energy consumption of
the system should be less than certain threshold.

* Response Time: The response time of the system,
defined as the time it takes for the Controller to
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detect an event, should be less than certain thresh-
old.

* Resilience: The system should exhibit resilience,
ensuring that the Controller is always able to de-
vise a strategy to monitor the occupancy, even if
the system is in an unexpected state.

* Accuracy: Each event recognized by the Con-
troller must match the corresponding event gen-
erated by the Environment.

e Performance: The total number of accumulated
sensor samples is always less than or equal to cer-
tain threshold.

Such properties are specified as follows:

Correctness = Env.Execute — (Ctrl.event = Env.event)

(H

Energy £ A[J energyConsumption < Ejyqx
(2)
Response time = A[] ctrl.timeSinceDetection < Rypax
(3
Resilience £ A0 not deadlock (@]
Performance £ A active_sensor < X (®)]

For the readers who are not familiar with the UP-
PAAL syntax, it should be noted that p — g corre-
sponds to A[|(p => A <> ¢) in CTL.

The response time of the system is monitored us-
ing the clock variable timeSinceDetection that is reset
every time the Controller detects an event. The re-
sponse time property ensures that the Controller will
always detect an event within certain time period (3
sampling periods in our case: 2, 4 and 8 minutes). The
resilience property ensure liveness of the optimized
BOMS system, by which the Controller can always
derive a strategy and evolve following the occupancy
state. The energy consumption property is simply the
sum of the energy consumption of each Sensor, and
is verified by ensuring that the energy consumption
of the system is less than a certain threshold obtained
from the proactivation algorithm. Finally, the correct-
ness property is verified to ensure that any event that
occurs in the BOMS will eventually be detected by
the Controller.

Our formal verification demonstrates that the
aforementioned properties of the original state of the
art BOMS are satisfied by our proactivation BOMS,
that is an optimization of the Office Master 3000
BOMS.
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eventsOccured < numberOfEvents

eventsOccured == numberOfEvents

©

updateEnvironment(event),
event_time :=0

ExecuteEvent
) event_time <= event_period

(M

event_time == event_period
eventsOccured++

Figure 3: The Environment template.

6 IMPLEMENTATION AND
EXPERIMENTAL VALIDATION

The proposed BOMS system and optimized occu-
pancy tracking algorithm have been implemented in
C++. The implementation is made modular as an in-
tegration of the three components (sensors, environ-
ments and controllers) so that new sensors, events and
environments can be integrated and monitored in a
straightforward manner. For reproducibility, the soft-
ware implementation and data are available here.

We carried out an experiment of a 12-hour period
to evaluate the performance and energy saving of our
optimized BOMS system. To this end, we considered
only one environment (building space) together with
the corresponding controller and 2 hubs of sensors
each of which is composed of 4 sensors (CO,, mo-
tion, noise, light).

The key metrics we considered in the evaluation
are the decision accuracy, the percentage of spared
sensor samples and the energy saved due to hav-
ing sensors turned off and/or operating with low fre-
quency. The number of sensors being active at run-
time is depicted in Figure 4. One can see that the sens-
ing plan of our optimized BOMS rarely operates all of
the eight sensors thanks to the knowledge-driven anal-
ysis. The number of active sensors fluctuates from
3 to 6 in the first 500 minutes due to different fea-
tures and occupancy states detected. After 500 min-
utes, the monitored building space is mostly empty
where the only event recognized is Empty, this is why
the number of active sensors is reduced and fluctuates
between 2 and 4.

As a result, the accumulated number of sensor

samples collected by our optimized BOMS for 12
hours is 4212. The total number of samples needed
for the original Office Master 3000 BOMS, where all
the sensors run regularly with the same 2-minutes fre-
quency would be 6480. Thus, our BOMS enables to
save 35% of the data sampling compared to the Of-
fice Master 3000 BOMS and also the state to the art
algorithms (Ortiz Perez et al., 2018; Abraham and Li,
2014) where sensors are permanently active, while
achieving the same accuracy and state knowledge.

As for energy consumption, for a 12-hours opera-
tion our optimized BOMS enables a saving of 9.75kw,
(6480-4212)*0.0043 (Vafamand et al., 2020), com-
pared to the original Office Master 300s that would
need 27.8kw, which represents a saving of 35%.

The accuracy analysis is depicted in Figure 5. It
refers to the matching of the occupancy events iden-
tified by our BOMS algorithm and the actual oc-
cupancy events. The achieved accuracy fluctuates
mostly between 40% and 100% with an average mean
of 84%. This means that in 84% of the experi-
ment time, the expected event (computed according
to the optimized sensing plan) matches the actual
event, whereas no-matching cases (lowest value for
blue line) represent 3.7% of the experiment time, and
partial-matching pattern is 12.3%.

Furthermore, one can see that there is a correla-
tion of the accuracy analysis with the optimized sens-
ing plan. The lower the number of sensors and the
higher the state dynamics are, the lower the accuracy
is. However, upon each low accuracy a new sensing
plan is computed by integrating more sensor samples
incrementally to solve the partial-matching and no-
matching cases. This led to shorten the time periods
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Figure 4: Number of sensors active at runtime.
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Figure 5: Accuracy of the optimized sensing plan.

for each accuracy drop. In average, each accuracy
drop does not last more than 4-6 minutes.

A partial matching case is depicted in Figure 6
where the occupancy state recognized matches par-
tially the features from 3 different events. As an ex-
ample to solve this inconclusive situation would be
to operate much more sensors to confirm/deny one of
the features so that to exclude either the first 2 op-
tions (Lecture, Meeting) or the last option (Exercise
session).

The outcomes resulting from the software experi-
ment match the verification results conducted on the
model using UPPAAL such as the maximum duration
to recognize an event and the accumulated number of
sensors for the same data set is always below 4300.
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7 CONCLUSION

This paper proposed an intelligent knowledge-driven
real-time occupancy monitoring solution (BOMS) as
an optimization of the actual Office Master 3000
BOMS. The proposed analysis enables tuning the fre-
quency of the sensors on-the-fly to reduce data sam-
pling and energy consumption. Rather than collecting
large amounts of sensor data to perform occupancy
analysis post hoc; we proactively identify the minimal
data relevant to the actual state following the seman-
tics of the expected activities.

The proposed BOMS is mechanized in UPPAAL
to perform formal verification and validation of the
non-functional properties of the original BOMS post-
optimization. An early proof-of-concept prototype
has been implemented in C++. Furthermore, our so-
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t "Lecture" , matching partial, with features:
: 1 or 2 people in front, not matched
Lecturing, not matched
Smartboard on, not matched
students, matched
ents quiet, not matched
ck lights off, not matched

vent "Meeting" , matching partial, with features:
: Few people, matched
alking, matched
on, not matched
on presenting, not matched
: Smartboard on, not matched

"Exercise" ,
No lecturing, not matched
Many people in room talking, not matched
artboard off, not matched
A helping, matched
3: Lights on, not matched

matching partial, with features

Figure 6: Partial matching to multiple events.

lution has been tested and compared to baseline occu-
pancy analysis. The experiment results showed that,
while achieving a considerable reduction in computa-
tion cost (up to 35%) and energy consumption (up to
31%), it maintains high accuracy for the occupancy
tracking (up to 84%).

As future work, we plan to integrate much more
features and events to achieve a real-world occupancy
state catalog. Moreover, we will also conduct a thor-
ough analysis and validation of the proactivation on
different case studies and compare the optimization
results to those of machine-learning techniques.
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