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Abstract—We introduce the sensor-utility-network (SUN) based on hard and soft constraints, and taking into account
method for occupancy estimation in buildings. Based on inpts  the inherent bias and variance of the various sources of
from a variety of sensor measurements, along with historicia information.
data regarding building utilization, the SUN estimator pro-
duces occupancy estimates through the solution of a recedjn
horizon convex optimization problem. State-of-the-art online  B. Background

occupancy algorithms rely on indirect measurements, sqchsa In typical building applications, C® sensor data are
CO, levels, or people counting sensors which are subject to !

significant errors and cost. The newly proposed method was USed to estimate occupancyllevels for Coptrolling \./e.ri!liiat
evaluated via experiments in an office building environment Among the drawbacks of this approach is that mixing rates
Estimation accuracy is shown to improve significantly when of CO, are unpredictable, have slow response (order 10-20

available data is incorporated in the estimator. In particular, minutes), and depend on external conditions such as open or
it is found that the average estimation error at the building .

level is reduced from 70% to 11% using the SUN estimator, closed windows a_nd dqors. . .

when compared to the conventional approach that relies solg The SUN algorithm is motivated in part by thEseudo

on occupancy level or flow measurements. MAP estimator in statistics [6], and was created as a refine-
ment of the algorithm introduced in [13], which is based on

|. INTRODUCTION using an extended Kalman filter. The SUN estimator is much

A. Objectives & Contributions more adaptable than the algorithm considered in [13], in the

: . . ense that it can make use of much greater prior knowl-
The goal of this paper is to introduce a framework an .
. ! : . . edge, constraints, and data sources. On the other hand, the
algorithms to analyze and estimate occupancy in buildin

. : figorithm of [13] is much simpler than the SUN algorithm,
using sensor measurements from diverse sources, models, . . : .
o o . .-and it can be constructed in a decentralized fashion so that
of facility use, and historical data. Information regaglin

o : o estimates are based only on local information. The SUN
occupancy levels and distribution patterns in buildings ca

be utilized for a number of applications, such as: deman&—gﬂmaltor Is posed as a global optimization problem, hence
bp ' ' decentralizing it is not straightforward, and the subjett o

driven ventilation and lighting controls leading to energy

. . : o ongoing research.
savings [5], to improve se_curlty monitoring [9], [13], and In its simplest form, the convex program that defines the
to accelerate safe evacuation [3].

The estimation approach proposed in this paper generagelsJN estimator is a type of receding horizon estimation, as

occupancy estimates based on a combinatiorsentors, escribed in [4]. Refinements of the algorithm incorporate

. : . : - o smoothing as well as prediction to make better use of
information regarding prior knowledge of building utilizan constraints

or utility, and thenetwork structure of the building [7]. n relate.d research [1], network topology and people
An algorithm in the resulting class of algorithms is calle ehavior is learned based ,on observedponeg—;git data F;treﬁ;ms
Fhel ?jenéor-Utility-[\letv.V(zcrk (%U(NP)IRe)stimdator. Senzorz r(;la his is then used to create a hidden Markov model (HMM) |
include , passive infrare , video, sound, badg : L \
counters, %nd even measurements of the number of cars?ﬁ behavior. Estlmgtmn can then be performed using the
the parking lot. The utility of the building, or zones within standard Bayes estimator [6]. In general the complexity of

is estimated based on historical data for the same buiIdir%Be H.MM will be ext-remely high. . .
or a building of similar characteristics, forecast prefees Fluid and Markovian networks have been used in queueing

based on room schedules, soft constraints on the spe@&ory [8] to estimate people movement during evacuation.
' Fi]elated work includes the 1981 paper by Smith and Towsley

of occupants, as well as hard constraints on occupancy o th llect ‘ 11 g ¢ %
each room. Finally, the network structure is specified b ], the cofiection of papers [11]. and more recent wor
ported in [13], [14], [2], [10].

decomposing the total building into zones, typically base
on individual rooms or groups of rooms. The choice of zone& 0 N

will depend on the primary goal (e.g. ventilation control vs ™ rganization

evacuation), and on the number, location, type and accuracyThis paper is organized in four sections. In Section Il
of the sensors. Estimation is then based on a convex prograve describe the SUN architecture which can be used for



the purpose of occupancy estimation, smoothing and priéie SUN estimation procedure that combines data from all

diction in buildings. Section Il deals with experiments inavailable sources for estimation.

an office building environment which is instrumented with

digital video cameras, passive infrared motion detectocs a

CO,sensors. Also contained in this section is a detailed dis- In a discrete-time stochastic model the state proggss

cussion on construction of penalty function for these semso iS denoted as: (1)
o= (7))

B. Estimator architecture

and utility for capturing building usage patterns. Estiiat

accuracy using SUN is shown to improve significantly when r(t)
compared to the conventional estimation that relies solelyhere x(¢) is the vector of occupancy in each zone, and
on occupancy flow measurements. Finally, we conclude in(t) is a vector of the number of persons moving from one
Section IV with recommendations for future work. zone to another during time-slot The state is subject to the
simple mass-balance constraints

1)

Il. SUN ESTIMATOR
The SUN estimator of occupancy density and flows in zi(t+1) —xi(t) = Z rji(t) — Z ra(t). 2
buildings is based on information from sensors, historical J !
data for the same building or a building of similar character Throughout most of the paper it is assumed that for each
istics, and people’s preferences and patterns of behawior fiime ¢ the vector representing the sequence of observations
diverse situations. consists of noisy measurements of a subset of the variables
A. Technical challenges {:.ci(t)mj (t)}. With (2)_ taken as a linear state space model
with state¢ = {¢(t)}, it can be shown that the state process
Advances in sensing, embedded systems and wirelggsnot observable based on observations of the fiamione.
technology enable commercial buildings today to have unp fact, observability requires that measurements of each
precedented access to data (from temperature sensogs, CO(1) be made available. Fortunately, observability is a purely
sensors, smoke detectors, CCTV video cameras, water flgifear concept. There is a great deal of information retativ
sensors, RFID sensors, and other access control devicgg)puilding usage that can be used to reduce estimation error
Other sources of information such as phone usage apg, example, it may be known that a building is empty at
calendar or scheduling information also offer important ing-:00 a.m .

sights into occupancy and presence. The resulting large andro understand the role of prior information, and to mo-
heterogeneous data streams contain valuabdemation that  tjyate the SUN estimator we turn to a Bayesian setting.

is largely untapped at present. ~ Consider the general nonlinear model in discrete time,
The goal of the estimation procedure presented here is to

use all these potential information sources, and to addiness ot +1) = fi(¢(t) + W(t+1) ©)

following issues: (i) Cost-benefit trade-offs involved imet Y(t) = he(o(t)) + V(t+1)

selection of sensors and their placement; (i) Complemefherey represents the sequence of observations. If the noise
sensor measurements with models of building usage; (i) (3) and the initial conditions(0) are jointly Gaussian
Adapt models and algorithms to a changing environmentng mutually independent, and the noise is i.i.d., then it
and an evolving building population. is possible to construct a closed form expression for the
Occupancy estimation would appear to be a matter of hosteriori probability(¢ | ). The maximum a posteriori

simple book-keeping based on all of this data. Howeverethebrobability (MAP) estimate is them(t) = arg max,, p(¢ |
are several barriers to reliable estimation, such as: YY).

(i) Sensor noise. The selection of the type and quality ~ Under these assumptions the negative of the log of
of sensors will impact the reliability, bias and type of the probability of observations— log(p(do, ..., |
noise of the variables that are in the measurements. 4, . ,yr)), is proportional to

(i) Lack of observability. Consider that sensors only _—
count the number of individuals that pass from one T2 B 2
building region to another, then the system is not ob- Iéo Pollzgs + ;(Hy(t) hi(@®)l5;
servable (in a linear system theory sense). This means N 2
that a linear filter cannot be used to obtain reliable + Mot +1) ft(¢(t))|‘253) )

estimates. where (X, X4) are the covariance matrices foW;, V;),
(iii) Lack of reliable models. Databases are available ¥ s the covariance of the initial condition, ang is its
that provide insight into occupant behavior in special mean. It is useful that the application of variance inforiorat
cases, such as during egress. However, this behaviobn sensors and dynamics arises so naturally in the estimator
is highly unpredictable, and is sensitive to culture and  Computation of the estimate®(0), ..., ()}, given the
environment. observationg Y (0),...,Y (T — 1)}, reduces to a quadratic
Although any one data source may be unreliable wheprogram (QP) wherh, and f;, are linear, and there are no
taken alone, we argue that the data taken together is signiifard constraints ot. In this special case, the MAP estimator
icantly more informative. This is in fact the motivation for coincides with the Kalman filter.



Since the model is constrained, it makes little sense 8. Construction of Utility and Penalty Functions

assume that any of these random variables are Gaussianypjs section describes the mathematical construction of a
Regardless, the resulting estimation algorithm defined@s tility function for occupancy and flow rate; and a penalty
optimization (4) subject to state space constraints, iy Vefynction for initial estimates, temporal dynamics and sesis
appealing and flexible. o _ 1) Penalty functions: The construction of a penalty func-

The estimator introduced in this paper generalizes thegg, P, is assumes that the observations are lin&dt) =
ideas through the introduction of utility and penalty fuoos C(t) + N(t) for some matrixC, with N as the sensor
that model behavior. These functions are denoted as fallovxﬁoise, so it takes the general form,

o U,: Occupancy utility function defined for each room

or connections between rooms, such as corridors. Py(o(t),y(t) = Py(y(t) — Co(t)) (8)
o Po: Penalty function that models confidence in th
initial estimated.

« P,: Penalty function based on sensor information

« P4: Penalty function based on temporal dynamics.
Each of these is a function af = (x,), and the specific Bi(t+1) =Fi(t)+ Y ) = Y Fuklt). 9)
form of the penalty and utility functions will be determined J k
based on various factors. Some suggestions are providggft constraints ori(t) can be imposed via,
below.

This list is not meant to be exhaustive. For example, a Pa(p(t +1),0(t)) = Pr(r(t +1) — Ar(t))  (10)
utility function for rates could be used to model path for- ith A a square matrix, an®, similar to P,. For example
mation. Moreover, a utility or penalty function may depenclg : " v ’

the i t dav. F le. the utility of i is a continuity constraint ifA = 1.
on the time of day. For exampie, the ulility ot a Toom Wil 2y ility functions: The utility function for the SUN
change throughout the day and night.

The convex program that defines the SUN estimator estimator can t_)e constructed based on historical data or
. Ifnowledge relative to rooms occupancy and people flow.
given as, Note that the optimization procedure to obtain the esti-
mates {¢(¢)} will impose hard constraints on occupancy
arg min {7’0(9250) + > (Py(e(t), y(t)) levels: non-negativity and upper limits, as well as mass-
$0r 01 t=0 balance constraints in equation (9). Hence the utility fiomc
+ Pa(op(t+1),0(t)) — L{zt(d)(t)))} (5) can be designed without regard to state space constraints.

QNherePy: R™ — R4 vanishes only at the origin.
As for P4, the mass-balance constraint (2) is imposed as
a hard constraint in the optimization (5), so that

T—

—

mizer in (5), subject to given hard constraints, is taken as
the estimateg¢(0), ..., d(T)}.

Interpretation of the results of the estimator requires
special considerations. At timé the SUN estimator gives Fig. 1. Candidate utility function for a room with resereatifor 2 people.
the T+ 1 estimates(0; T), ..., ¢(T; T} after solving the
optimization problem (5):13(T; T) is the current estimate of
the state. Fot < T, ¢(t; T) is interpreted as themoothed
estimate of¢(t). We can also obtaipredictions of future T
state values. Defing(t;T) for t > T through a second
optimization procedurefter ¢(T') = ¢(T;T) is obtained.
Fix Ty > T and consider,

Given {yo,...,yr—1} = {Y(0),...,Y(T — 1)}, the maxi- ‘

u(r)

Fig. 2. Candidate utility function for occupancy flow

The following is a non-exclusive list of possible factors

i included in the utility function:

f;yg”ﬁlfl{ ; (Pa(é(t +1),6()) — uﬂ”(gb(t)))} ©6) Occupancy: For example, there may be prior knowledge
o regarding a meeting in an office building; or in a park,

and subject t@;r = ¢(T'). In some situations smoothing and a music event may be scheduled in advance. Figure 1

prediction should be performed simultaneously. For exampl illustrates a typical piecewise linear utility function

if it is known that a very large meeting is scheduled at 3:00  that could represent these events. The particular shape

p.m., then this information should be made available at time  depends upon the uncertainty on the a-priori expected

2:30 p.m . In this case, at timE we solve the optimization occupancy.
problem, Rates: In a building, the utility of a hallway is low
argmin  [Pamoon+ Predicd @) from the point of view of occupation, while the utility
0,0 T, 0Ty function for the same hallway from the point of view
where, P 1S the summand in (5), an®,..« iS the of transportation is high. Since traffic can go in one

summand in (6). Thus, the SUN estimator can be employed of two directions, the utility function for a given rate
in different modes: smoothing, estimation and prediction. would appear as shown in Figure 2. To obtain a convex



PIR sensor data was performed to eliminate drift in data
2
? 10

1 3 4 8 logging time stamps over the course of days. In addition
'@ d g O reoeontsmer the directional information was inferred based on the time
@; 5 7° 9] @ = difference between event time for each pair of detectors.
@415 0, sensors 3) CO, Sensors: CO», sensors provide concentration
O 12 > Zone readings in parts per million (ppm), which is indicative of
e imé” 112 5 74 2 ‘&144 l {C) the occupancy. However, reliably correlating £@vels with
the actual occupancy is difficult due to high variability and
© the slow response time of the GG&ensors. This variability
arises due to fluctuations in ambient £€Qevels, HVAC
Fig. 3. Sensor layout for people traffic estimation. system settings and door open/close status. Additionally,

CO, sensors suffer from poor response time (about 10-20
] minutes for sensors employed in this study) due to delay
program, the state space must be enlarged to include thgnyeen occupancy level increase and build up of,CO
positive and negative parts of as separate variables. ~oncentration.
Patterns: In applications over a large region with limited |, next section we show how the bias and variance in

information a utility function that favors certain pattérn ne gccupancy and flow measurements, can be systematically
of behavior might be considered, including clusteringyandied in the SUN framework.

and lane formation.

Seasons or times of the day: The utility functions may B. SUN Implementation

vary seasonally, with time of the day or even days of the The estimation algorithm used in the experiments was a
weeks and holidays. For example, a park utility functiospecial case of the convex program (5), with the objective
is usually higher during the day than over night. ThiSunction,

changes on a 4th of July, when big crowds gather to

) - T-1
watch the fireworks. o — ¢O”§Jg1 + Z (Py(QS(t),y(t))
t=0

[1l. EXPERIMENTAL RESULTS 5
: . . o + ot +1) — Ap()|5-1 —Us(o()) (11)
In this section we describe occupancy estimation results d

obtained in experiments in an office building. where, P, and U, are quadratic functions o = (z,r).
In addition bound constraints were imposed on occupancy
A. Sensor and sensor layout and flow. As a result the convex program, simplifies to a

Figure 3 shows the building floor layout as well asquadratic optimization problem.
locations of the sensors. Three classes of sensors were useth our currentimplementation, the building floor is divided
in the experiment: (i) Digital Video Cameras, (ii) Passivento 11 zones which is dictated by the location of video and
Infrared (PIR) Detectors and (i) Cfsensors. In order to PIR sensors (see Figure 3 for zone definition). The matyix
monitor occupancy flow, 10 video cameras were installeth the dynamics penalty term in the objective (11) is taken
across pre-defined lines located at the 5 entrances of titebe the identity matrix. Incorporating GOneasurements
floor, and in the middle of the hallways. In order to covein above framework requires additional modifications. This
the gaps, twelve non-directional PIR sensors were locatégl described in detail below, along with the construction of
in pairs between the video cameras. Additionally, 15,COPy, U, and the choice of bounds.
sensors were distributed in different rooms. 1) Penalty function for Video Cameras and PIR Motion

1) Video Cameras. Video cameras provide information Detectors: It was pointed out in section IlI-A that video
regarding people count and the direction of the flow. Thesgensors suffer from large bias and variance. PIR detectors o
cameras were found to exhibit significant error in the fornthe other hand, completely miss on the people count infor-
of variance and bias, arising from three main factors. lgirst mation. Statistical models are required in order to adaftiv
during early and late hours, when the lighting condition igorrect for such errors. For instance, consider PIR sensors
poor, a single person crossing may be counted multiple timegnd assume that we have a prior probability distribution
Secondly, turning a light switch on or off may trigger api;(r), that the flow from zone to zonej is r;; = r, given
sensor count. Lastly, the video system may count severdlat the PIR indicates movement. Lgi; : i = 0,1} be two
crossings during a time interval in which there are occupanguch prior distributions (see Figure 4 top two panels), wher

loitering close to the camera. Such events lead to a signtficapo is the probability distribution when the PIR sensor does
positive bias. not indicate any activity ang; is the distribution when it is

2) PIR Detectors: PIR detectors provide indication of activated. Assume that these probabilities are log-camcav

motion within sensor range. The PIR detectors employed
in this study were non-directional. By using them in pairs,
they were renderedlirectional. Consequently, the twelve where,P; is a linear piecewise utility or soft penalty function,
PIR sensors were grouped into six pairs. Preprocessing iofroduced in section [I-C.2. By convolving these penalty

pilr) = PO



Probability Distributi S Penalty/Utili . . . .
N el ensor Penabyily beginning and end of the period. The SUN estimator returns

8
~ ~° estimates{¢*(¢t : T) : t = 0,...,T} of occupancy and
= ! flow for each dayk = 1,..., N. Based on these estimates
. . collected over several weeks, we obtained estimates of the
0 05 0 05 1 . . -
r ru_ mean and variance of occupancy in various zones, for each
08 s hour
~ 00 ~.° N N
= 0 = . 1 ~k 2 -1 ~k 2
Q02 D'2 M’L:N in’ Gi:N Z(I’L_’uz)
0 k=1 k=1
0.5 1 15 2 0 0.5 1 15 2
T T where,i = 1,--- , N, with N, = 11 being the total number

of zones. This information can be translated to “utility” in
the SUN estimator, as

R T R T R T T T where,
R Us(e:) = — (i — )/ o?

e e e e e e s e and can be used for on-line estimation. The minus sign comes
i from the fact that utility is to be maximized. We applied this

. ' smoothing procedure on sensor data from 16 days to obtain
Fig. 4. When{F;,i = 0,1} has a small support (Top o panels), yhe mean and variance of occupancy for the different zones.
the convolutions preserve the convexity (Bottom Panel; fiagire). The . . .
convolved utility P can be approximated by a quadratic. Figure 5 shows hourly occupancy estimate at building level
obtained for 4 (among 16) days obtained in this process, and
also the mean and variance of occupancy as a function of

functions, we can obtain the probabilistic model at any tim(t-:!me for two different zones.

scale desired for occupancy estimation. The convolved-func oav2
Day1l ay.

tion, which we would denote bJ, is no longer guaranteed to a0
be convex. However, from numerical experiments we found %

N
IS}

that, whenP; has small support, the convolutions preserve
this convexity, and in facP can be very well approximated

by a quadratic as shown in the bottommost panel in Figure 4.
Indeed, if P; in the convolution were Gaussian probability
distributions, the resulting convolution would be Gaussia
with mean equal to the sum of the means, and variance equal
to the sum of the variances. Motivated by this, we take the
sensor penalty terr®, in (11) to be of the form
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where, Ny is the total number of flow sensors (video and N e
PIR) and .
Py, (rij i) = 3 (ij — bij (i) /o5 (13) i .
is a soft penalty for each sensor, wit}) being the bias that o 2
depends on the measuremgptando?; being the variance. Tt T T s

These parameters of soft penalty functions for video count
and PIR sensors were obtained by an extensive statistidad- 5. Top Two Panels: Hourly occupancy estimate at buidevel for
analysis of the ground truth occupancy flow data. & MCraysusig he smooting procedure Bt Tuo Pakn and

2) Utility for Occupancy: We used smoothing procedure
to obtain occupancy utility functions at zonal level by ggin
historical data of the building usage pattern. In smoothatg ~ 3) Incorporating Partial Information from CO, Sensors:
the end of each day, say at 11pm, the algorithm (11) is ruRecall that CQ sensors were installed only in some rooms
over the period0, 7] = [12am ... 11pm], with the constraint and provide additional occupancy information for portiofis
that occupancy is near zero on the boundaries, i.e. at tbach zone (see Figure 3). The simplest way to incorporate



such partial information into the existing formulation 11

is to augment the vector of decision variables with the
estimated occupancies of rooms equipped with g €éhsor. -
Consequently, the definition of vector occupandy) also T
gets modified. More precisely, the decision variablg) gwo
becomes B T w  w e e w o
z(t)
o) = | =°(t) |. (14)
T(t) 8N7uo
where,z(t) is a vector of occupancy levels, at timefor all .
zones that do not have GGsensor-equipped rooms within w0
each zonegz“(t) is a vector of occupancy levels for rooms P Mg

with CO, sensors at time and r(¢) is the vector of flow
rates as before. The mass balance constraint for each zone

takes the form “ ﬂ
Neci Nei N W
= ~c = ~c 5
B(t+1) + ) T+ =T()+ Y T(t) 2
=1 =1 8
+ iji(t)—zfil(t)a i
J l Al
where N; is the number of rooms equipped with €O miflight  7am  noon  Spm minight 7am oo

sensors in ith zone. The mean and variances required for

the CQ Ut”'ty functions are computed emp|r|9al!y using Fig. 6. Top panel shows O%Eoncentration with no occupancy, while the
16 days of CQ sensor measurement data, similar to asiddle panel shows a typical profile on a weekday. Bottom psinews the
described in the section 11I-B.2. However, before extragti Medeled occupancy (black line) and actual occupancy (red).

the mean and variance for GQutility functions, significant

preprocessing of C& measurements is required. First, in Office | Small CR | Big CR
order to eliminate the day to day variations, thed@adings 12 - 6am 1 0 0
of a typical day is subtracted by a day of €@ata without bam - am | 1 0 0
yp y y Yy \ 9am - 12pm| 3 10 20
any occupancy (such as a weekend or a holiday). The 2pm - Ipm| 2 5 10
top and middle panels in Figure 6 shows £@rofile in 1pm - 5pm 3 10 20
an unoccupied and occupied room, respectively. They CO ggm - Sm g (5) 100
measurements are then denoised using a 4th order low-pass Spm - T2am| 1 0 5

FIR digital filter. The model used to relate the filtered £0
measurementg () (with background C@ level subtraction)
to the underlying occupancy estimate¥t) (accounting for
a single step 10 minute time lag) is given by

yi(t +1) = ay;(t) + BT (1), (15)

where the coefficients: and 3 are fitted using the ground rate bounds are set high enough such that it never constrains
truth occupancy data and corresponding,Q@easurement the problem.
data available, as shown as a red curve in bottom panel in o
Figure 6. The modeled occupancy is set to zero when tife Occupancy Estimation Results
COs level is below a “tolerance” of 50ppm; the observed In this section we compare the SUN estimator with a
variability in CO, measurements for zero occupancy is apeonventional estimator that relies solely on flow measure-
proximately 50ppm. The bottom panel in Figure 6 shows thements. The accuracy of the two methods is assessed with
correspondence between the actual and modeled occupansypect to the ground truth occupancy distribution whick wa
using this approach. obtained manually by analyzing individual video frames and
4) Bounds on Occupancy and Flow Rates. The lower correcting them for under counts, over counts, and misde-
bound on occupancy level in any zone is set to be zertgcts. In order to obtain building level occupancy ground
while the zone level upper bound is taken to be summatidruth, five peripheral video cameras (labeled as 1,2,38, an
of the upper bounds imposed on each rooms in the zon®,. see Figure 3) which monitor people traffic at entrance
For a room, we used the room level upper bounds given @nd exit locations were chosen. In addition two video people
Table I, which depends on the type of room and its expectabunt sensors (7 and 8, see Figure 3) were used in the interior
usage pattern over the course of a day. Currently, the flowf building to assess the accuracy of occupancy estimates at

TABLE |
OCCUPANCY BOUNDS FOR DIFFERENT TYPES OF ROOME R STANDS
FOR CONFERENCE ROOMEB
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= = = end of the workday in many zones (notably among them
20‘5 81012141618 6 81012141618 6 81012141618 being the zone 1) or have non physical negative values.
wl | U [ The lack of observability is evident from these plots: the
. . sensors providing flow measurements that have a small
681012141618 6 8 %isl; 1618 positive bias that is integrated over the course of the day

results in a massive error at 5:00 p.m. At building level (see
Fig. 8. Zonal level occupancy estimates obtained from SUNejb Also Figure 9), the occupancy variation is more reasonable due to
shown in red are the zonal occupancy bounds used during StitNagien.  cancelation of mutual errors, although high occupancyet th

end of the day is again unrealistic. The average estimation

error based on this simplistic people count estimator is
the zonal level. This zone was chosen, since it is one of thgound70%. Figure 10 shows a similar plot, but at zonal
high traffic areas in the building and shows wide variability |evel (this zone is made up of zones 7 and 8, see Figure 3)
occupancy levels during the course of the day. The estimatigvith an estimation error of 30%.

error was computed as the average % error, using In the SUN implementation we studied in detail the
Ty R importance of different terms in the objective function )11
Jo 1 Z jx(t) — 2(t)] (16) Not surprisingly, it was found that the best estimates are
Ty =To =& ) obtained by a suitable combination of the different terms,

) o each of which model different source of information: we
where, z(t) is the ground truth occupancy ang(t) is its  only report the final results. The zone level SUN estimates
estimate, with7, = 6 hrs corresponding to 6am afd =  are shown in Figure 8, while the blue curve in Figure 9
18hrs corresponding to 6pm. shows the estimates at the building level. These estimates

The conventional estimator is based on simple countingyere obtained for 10 minute intervals by using a backward
N N . . receding horizon of 1 hour, i.4" = 60 minutes in objective
Ti(t+1) - 3(t) = Zrﬁ(t) B Zr“(t)’ (17) (11). The quadratic program solver in MATLAB was used

’ : for numerical implementation of SUN algorithm. The initial
where,#;;(t) are the estimates of people count from vide@stimates atl2am were taken to be zero both for the
cameras. The estimator is initialized to a zero occupan@ccupancy and the flow rate. The estimation error at building
level at 12am. Figure 7 shows occupancy estimates in thievel is found to be approximately 11%, while that at zonal
11 zones based on this estimator over a typical weekdalgvel is around 21% (see Figure 10). Inspite of the large bias
The occupancy levels are either unexpectedly high at ttend variance in the occupancy and flow measurements, the



SUN estimator yields occupancy estimates that are in gogub] J.S. Niedbalski, P. G. Mehta, and S. P. Meyn. Model rédncfor

agreement with ground truth, especially at the buildinglev

IV. CONCLUSIONS

We introduced the sensor-utility-network (SUN) methodlz]
to accurately estimate occupancy levels and distribution i
buildings. Based on inputs from a variety of distributed!S!
sensor measurements (video, PIR, access control, apj, CO

along with historical data regarding building utilizaticthe

SUN estimator produces occupancy estimates through t
solution of a receding-horizon convex optimization praile

In our experiments we found that this approach reduced
average occupancy estimation errors at building level from

70% obtained using conventional estimator, to 11%.

There are many challenges that remain to be addressed.
These include evaluation of performance of SUN estimator
for predictive use, adaptive techniques for learning bogd
usage and associated utility functions, sensitivity of the
impact of sensor placement and sensor types on occupancy
estimation performance. Finally, to make SUN estimator
scalable, decentralized algorithms should be developed.
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