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ARTICLE INFO ABSTRACT

Keywords: Quantifying the number of people in various spaces of a commercial building is important for saving energy,
People counting optimizing space usage, and assisting with public safety. To accomplish these goals requires obtaining accurate,
Occupancy fine-grained counts in real time. However, existing methodologies are ineffective for covering large areas with
Energy : . . X

HVAC high occupancy. We propose an occupancy-sensing system that uses multiple overhead fisheye cameras and state-
Spatial analytics of-the-art deep-learning algorithms to cover large spaces with high counting accuracy. Tested in a 2,000 ft> space,
Public safety our system shows 54% to 83% reduction in commonly-used error metrics compared to recent people-counting
Fisheye camera methods proposed for large-space scenarios. Our system is scalable to arbitrarily-large spaces; additional cameras
Deep learning can be integrated with minimal commissioning. We also introduce two new performance metrics for assessing
AL counting accuracy that, unlike common metrics used to date, are independent of occupancy level and can be
CNN easily compared across different occupancy scenarios.

1. Introduction

Knowing how many people are in various spaces of a building is
critical for saving energy. In 2018, energy consumption in commer-
cial buildings in the United States amounted to 6, 787x10'> BTUs, with
52% expended on heating, ventilation, and air conditioning (HVAC)
[1]. Without adjusting HVAC airflow to match variations in occu-
pancy, a significant fraction of the HVAC energy is wasted due to
over-ventilation. There have been a number of studies to estimate the
potential energy savings if real-time, fine-grained occupancy data are
used to modulate airflow in HVAC systems. Such studies are challenging
since they need to account for building size and type (space utilization
scenario, hours of occupation, code requirements, and HVAC type), as
well as climate zone. Recent estimates of whole-building energy sav-
ings utilizing occupancy information range from 10% to 22% [2], while
HVAC savings can range from 10% to 40% [3,4].

Beyond energy, occupancy information plays increasingly important
role in space management, security and safety. The COVID-19 pan-

demic has dramatically impacted the office-building market, leading
to new office-usage patterns. Some companies opt now for “flexible
workspace”, where desks are not assigned to employees but can be re-
served whenever employees return in-person for work, meetings, etc.
Real-time, accurate knowledge of workspace occupancy is essential for
an effective implementation of this concept. A similar knowledge of
where people are is essential in other industries, such as retail, e.g., the
number of people visiting specific locations in a store. Finally, occu-
pancy information is important for security in a building, such as for
an emergency situation (e.g., ensuring everyone is accounted for during
a fire), or for public safety (e.g., social distancing during a pandemic).
Fig. 1 illustrates a potential people-counting deployment scenario.

In the last decade, many approaches have been proposed for occu-
pancy sensing in commercial buildings, from active methods that require
carrying a cell-phone or swiping an ID card, to passive-indirect ap-
proaches that use environmental data related to human presence (e.g.,
CO, level, humidity, temperature) and passive-direct methods that cap-
ture occupants’ features such as appearance, movement, body heat, etc.
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People Counting System
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Fig. 1. Overview of indoor people counting using passive sensing with application to HVAC control, spatial analytics and safety/security.

Despite their drawbacks, CO,-based methods are considered to be the
only technology today that can deliver HVAC-energy savings in large
spaces while maintaining air quality.

In this paper, we offer an alternative to CO,-based occupancy sens-
ing by leveraging wide-angle, visible-light cameras to detect and count
people. We propose COSSY, a Computational Occupancy Sensing SYstem,
that uses multiple overhead fisheye cameras to deliver high-accuracy
people counts in large spaces (over 1,000 ft2). In order to accomplish
this, first people need to be detected and then duplicate detections
from multiple cameras need to be removed. We leverage state-of-the-art
deep-learning algorithms to carry out these two steps. Unlike CO,-based
occupancy sensing, COSSY can simultaneously serve energy-reduction,
spatial-analytics and security/safety needs since, in addition to provid-
ing accurate counts, it can localize people in an open space. COSSY
is scalable - it can support spaces of various sizes and shapes. It is
easy to deploy using PoE (Power-over-Ethernet) networking; no addi-
tional power runs are needed. We assess COSSY performance in various
scenarios using two traditional metrics and two new metrics that we
propose to facilitate fair comparison across varying levels of occupancy.
Finally, we demonstrate experimentally that COSSY significantly out-
performs recent people-counting methods proposed for large spaces
with high occupancy.

This paper makes the following key contributions:

1. We develop a first-of-its-kind system that collaboratively uses mul-
tiple overhead fisheye cameras and state-of-the-art deep-learning
algorithms to count people, and we demonstrate its high accuracy
in a 2,000 ft2 space with up to 87 people.

2. We propose two new metrics for validating people-counting meth-
ods: Mean-Absolute Error per person and X-Accuracy, that are
meaningful across occupancy levels (unlike prior metrics).

2. Related work

As we mentioned in the introduction, active occupancy sensing re-
quires carrying a beacon. While it can handle large spaces, it has several
shortcomings. Counting people from card swipes is straightforward, but
prone to errors when two or more people enter using a single swipe.
Such “drift” errors are typical in any tripwire-type system when a change
in people count rather than the count itself is being estimated; a missed
detection can be corrected only by an opposite error (false detection).
Counting devices, e.g., cell phones, is not prone to drift errors (the num-
ber of devices, not a change in this number, is being estimated), but it

relies on each occupant carrying one device only (an unlikely scenario
today) and the device being turned on.

The most common passive-indirect methods track changes in the
environment due to fluctuations in occupancy, for example by mea-
suring CO, level, temperature, humidity, etc. Jin et al. [5] developed
a physics-based model that relates CO, concentration and temperature
to occupancy, and demonstrated its excellent performance in a 140 ft?
room with up to 7 people. It is unclear how the model would perform in
a large space with high occupancy. Elkhoukhi et al. [6] have combined
humidity measurements with those of CO, and temperature to jointly
estimate occupancy using machine-learning algorithms, but have tested
the approach only in scenarios with at most 8 occupants. Szczurek et
al. [7] applied a machine-learning classifier jointly to CO,, temperature
and humidity measurements, and obtained high accuracy in a 70 m?
space with up to 43 people. However, applying a classifier, where each
class corresponds to an occupancy range, rather than regression, poses
a huge challenge in practice (training data is needed for many classes).
In contrast, Zou et al. [8] exploited disruptions in WiFi-signal spectrum
caused by the human body. Using two carefully-placed, custom WiFi
routers, they showed good performance with 11 occupants in a 50 m?
space. However, locations of routers installed commercially are not op-
timized for people counting, and the approach requires data annotation
for new router topologies.

The most common passive-direct approach is through the analysis
of human-body appearance captured by a camera equipped with recti-
linear (conventional) lens, e.g., surveillance camera. While early work
focused on model-based approaches, performance could not be scaled
to higher levels of occupancy. All recent methods have been largely
data-driven, where large, annotated datasets are used to train machine-
learning algorithms. Ryan et al. [9] applied scene-invariant perspective
normalization and showed that when trained on images from 6 differ-
ent scenes it works well on a new scene with up to 32 occupants. Liu et
al. [10] applied Support Vector Machine (SVM) classification to image-
gradient features, but the method was demonstrated on scenes with 5-8
occupants only. Erickson et al. [11] developed a tripwire-type system
that uses above-door cameras and k-Nearest Neighbor (kNN) classifica-
tion, but the method was demonstrated only on 25 people and required
periodic resets due to drift errors. The most recent work leverages deep
learning for people detection, such as You-Only-Look-Once (YOLO) [12]
and Faster Region-based Convolutional Neural Network (R-CNN) [13].
In each case, validation was performed using a high-definition camera
mounted close to the ceiling in scenarios with quite low occupancy of
14 and 8, respectively.
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As for high-occupancy scenarios, Conti et al. [14] proposed two
methods, one based on head detection using LeNet-5 neural network
and another one based on crowd-density estimation using a multi-
resolution CNN followed by regression. The methods were tested in two
large classrooms (170 m? and 250 m?2) with up to 95 people. In another
work from the same group, Paci et al. [15] proposed to extract features
from temporal differences between spatial image gradients and count
people using Support Vector Regression (SVR). Yang et al. [16] applied
SVM-based face detection to images from a pan-tilt-zoom (PTZ) cam-
era in patrol mode. The method was tested in a 204 m? classroom with
up to 150 students, but required precise manual delineation of 6 patrol
zones to avoid overlapping detections.

Recently Wang et al. [17] proposed localization of people indoors
using up to 8 time-synchronized rectilinear cameras. Their method es-
timates 2-D skeletons in each camera view and projects them to 3-D
space for skeleton clustering. It was demonstrated in a 100 m? class-
room with 11 people. The use of multiple conventional cameras with
overlapping fields of view for occupant localization is analogous to the
use of multiple fisheye cameras for occupant detection that we propose.

Beyond conventional cameras, thermal/IR sensors have been used
for occupancy sensing, either to detect entry/exit [18,19] or to detect
human presence in a small area [20,21]. 3D/depth cameras have been
proposed as well [22,23], but were tested in small areas only.

To summarize, while the environmental sensors are inexpensive and
often part of a BMS, the people-counting accuracy is sensitive to sen-
sor placement and model parameterization. The use of WiFi signals is
not generalizable as it requires custom routers and specific topology.
Today’s thermal/IR/depth sensors do not have sufficient resolution for
accurate people counting in large spaces, while their use as tripwires
suffers from drift errors. In contrast, occupancy sensing using conven-
tional cameras and modern machine learning is a promising approach
for fine-grained occupancy sensing. However, in large spaces many rec-
tilinear cameras are needed since their field of view (FOV) is typically
limited to about 90°. We propose to use fisheye cameras instead.

3. Fisheye cameras: benefits and challenges

To maximize the monitored-area coverage, COSSY uses ceiling-
mounted fisheye cameras. The overhead mounting significantly reduces
the severity of occlusions (by other people or furniture) and fisheye lens
delivers a very wide FOV (360° parallel and 180° orthogonal to the
floor). This reduces the number of cameras needed to cover a large
space compared to rectilinear cameras. However, the camera instal-
lation height must be carefully selected to avoid FOV obstruction by
light fixtures, sprinklers, etc. Fig. 2 shows two spaces where COSSY
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was deployed and validated: 500 ft? standard classroom (Fig. 2(a)) and
2,000 ft? studio-style classroom (Fig. 2(b)). Fig. 3 shows overhead fish-
eye views of these spaces in a typical test scenario. It is clear that people
detection in such images faces several challenges.

Circular field of view: In rectilinear cameras, a sensor captures
only the central rectangular portion of the FOV and the lens is carefully
designed to project straight lines in the physical world onto straight
lines in the rectilinear image. However, in fisheye cameras a straight
line in the physical world, that does not belong to a plane orthogonal
to the sensor and passing through its center, becomes curved in the
fisheye image (e.g., horizontal edges of whiteboards in Fig. 3(a)). This
geometric distortion introduced by the fisheye lens also affects human-
body shape, especially if not in an upright position.

Non-linear foreshortening: With its hemispherical design to cap-
ture wide FOV, a fisheye lens introduces radial distortion (non-linearity)
in the captured images. In particular, the projection of a person standing
under the camera (e.g., certain shoulder width), becomes smaller at 8
ft away from the camera and even smaller at 16 ft away. While this size
reduction is linear in standard cameras on account of rectilinear lens, in
fisheye cameras the doubling of the distance from the camera results in
size compression by more than 2, especially pronounced close to FOV
periphery. This is particularly visible in Fig. 4 where the concentric
green circles are equispaced in room coordinates, but in the fisheye im-
age appear closer to each other with increasing radius. This non-linear
mapping of physical distances (and of body sizes) poses challenges for
people detection in fisheye images.

Human-body orientation: The overhead viewpoint is unusual with
people in the image center seen directly from above (Fig. 3(b)) and
those farther away seen from a side-view perspective. This dramatic
person-viewpoint variability is not encountered in images captured by
standard side-mounted cameras. Related, and critically important, is
the fact that standing people appear in radial directions in a fisheye
image, including horizontal and “upside-down” orientations. In gen-
eral, in overhead fisheye images people can appear at any orientation.
This is unlike in images captured by side-mounted rectilinear cameras
(standing people appear upright) for which the vast majority of people-
detection algorithms have been developed.

4. Performance metrics

Several performance metrics have been used in the occupancy-
sensing literature, each with its own deficiency. No single metric has
been universally adopted, which makes it difficult to compare perfor-
mance of different occupancy-sensing systems. Below, we review key
metrics used to date, discuss their deficiencies and propose two new
ones.

Fig. 2. (a) 500 ft? classroom monitored by a single camera mounted 8-1/2 ft above the floor; (b) 2,000 ft*> studio-style classroom monitored by 3 cameras mounted
10 ft above the floor. The distance between cameras A and B is 121 in, and between cameras B and C it is 248 in. All cameras shown are Axis M3057-PLVE

(3,072%2,048 pixels, 185° lens).
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(b) Studio-style classroom

Fig. 3. Overhead fisheye views of two rooms from Fig. 2 in a typical testing scenario.

Most papers treat people counting as a regression problem. Let #; be
the true people count in frame number i, and let 7; be the corresponding
people-count estimate. Also, let N be the total number of occupancy
estimates. The two most often used performance metrics are the Mean-
Absolute Error (MAE) and the Root Mean-Squared Error (RMSE):

N
1%~
MAE:N;'”"_""L RMSE = @

Both are commonly used in occupancy-sensing literature, but MAE is
more robust to outliers (large errors) than RMSE. To allow comparison
with other methods, we provide MAE values in this paper.

However, MAE can be misleading when comparing results across
different ground-truth occupancy levels (e.g., 10 versus 100 people). To
account for this, Mean-Absolute Relative Error (MARE) has been used
in some papers (e.g., in [24]), defined as follows:

S
MARE =~ 3 A1
NS o
but it is undefined for frames with 7, = 0 (empty room) which is a
major deficiency. Therefore, error normalization by the dynamic range
of occupancy has been also proposed [12], which for MAE is defined as
follows:
% 211 [7; = ;]
NMAE = ——,
Nmax — Nmin
where 7,,;, and #,,, are, respectively, the minimum and maximum of
the true people count across all instances considered. However, NM AE
is undefined when the occupancy is constant for i = 1,..., N, not an
unlikely scenario.

To address these issues, we propose a new metric. Rather than scal-
ing MAE (or RM SE) by the dynamic range of true occupancy, we
propose to scale it by the average of true occupancy as follows:

1 N |~
N 2,«:1 17 — ;1
MAEppz —_—
1 N
NZ,‘:l n;

MAE,, expresses M AE value per person, so different occupancy sce-
narios (e.g., 10 versus 100 people) can be fairly compared. The only
scenario when it is undefined occurs when a space remains completely
empty throughout the whole period of interest, a very special case that
can be handled separately.

Works that consider people counting as a classification problem (e.g.,
[71) report accuracy defined as the fraction of total number of instants

(2

(expressed in percent) for which 7; = #;. Since this requires an exact
match between the true and estimated accuracy, this fraction is usually
low in high-occupancy scenarios, and not very useful. Therefore, we
extend the definition of “accuracy with slack of 1”7 [25] and propose
X-Accuracy, defined as follows:

z

~ 1 if € is true
L(lm; —m;| < X), 1(e&) = 3)

0 otherwise

1
N -

1

Accy =

For X =0 this definition reverts to the original definition of accuracy,
but for larger values of X it tolerates the departure of 7; from #; by
up to X. In the context of people counting, for example Accs gives the
percentage of frames in which the estimated count is within 5 off the
true count.

5. Single-camera COSSY

The unusual FOV and geometric distortions in fisheye images are key
obstacles to reliable people detection and, therefore, people counting.
To date, many model-based and deep-learning algorithms have been
proposed for the detection of objects, including people. However, they
have been designed under the assumption of a side view from standard
rectilinear-lens camera, e.g., Fast Feature Pyramids [26], YOLO [27],
Single-Shot Detector (SSD) [28], R-CNN [29]. By design, these algo-
rithms can only find bounding boxes (around objects/people) that are
aligned with the image axes, and this works well on standard images
where people typically appear upright. However, they perform poorly
on overhead, fisheye images by mis-detecting non-upright bodies (e.g.,
upside-down) and uncommon viewpoints (e.g., directly from above).

To accommodate the unusual body orientation, several SVM- or
YOLO-based people-detection algorithms have been recently proposed
[30-33], each dealing differently with the radial geometry. However,
these algorithms are either very complex computationally [30,32] or do
not accurately account for arbitrary body orientation [33]. To address
these issues, we proposed Rotation-Aware People Detection (RAPiD)
[34], a novel end-to-end people-detection algorithm for overhead, fish-
eye images. RAPiD is a convolutional neural network that predicts
arbitrarily-rotated bounding boxes of people in a fisheye image. Its
source code is publicly available [35].

RAPiD handles unusual body viewpoints by training on a variety of
fisheye images. For this purpose, we have collected and curated several
fisheye-image datasets, namely HABBOF, MW-R, CEPDOF, WEPDTOF
and FRIDA. They have been recorded in a variety of indoor spaces and
occupancy scenarios, and are publicly available as well [36].
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Fig. 4. Overhead fisheye view of the studio-style classroom (Fig. 2(b)) with
superimposed concentric circles corresponding to true physical distances from
the camera ranging from 10 ft to 35 ft in 5 ft increments. (For interpretation
of the colors in the figure(s), the reader is referred to the web version of this
article.)

In all experiments below, we used RAPiD [34] with network weights
obtained by initial training on the COCO 2017 dataset’s training images
[37,38] for 100,000 iterations and fine-tuning on MW-R and HABBOF
datasets for 4,000 iterations. When training on COCO images, we up-
dated the network weights by Stochastic Gradient Descent (SGD) with
the following parameters: step size 0.001, momentum 0.9, weight de-
cay 0.0005. When training on MW-R and HABBOF images, we used
SGD with default parameters except for step size of 0.0001. We applied
random rotation and color augmentation in both training stages. More
details can be found in [34].

RAPID produces bounding boxes and confidence values that tell how
likely a bounding box is to contain a person (0 = “impossible”, 1 =
“certain”). By selecting a confidence threshold y, the algorithm can be
tuned to specific scenarios. Unless otherwise stated, we used y = 0.05.

5.1. Performance for different fields of view

In order to understand the limitations of RAPiD, we first quantify
its people-counting performance as a function of the monitored area.
Fig. 4 shows a video frame from camera B (Fig. 2(b)) with concentric
green circles superimposed, each circle corresponding to true physical
distance of 10-35 ft from the camera in 5 ft increments. As discussed
earlier, the circles are not equally spaced out in the image, confirming
radial non-linearity of the lens.

We evaluated RAPiD’s performance on a video segment with little
movement of occupants (the number of people inside of each circle is
constant) to ease annotation. The segment consists of 50 frames, each
with 62 occupants. Table 1 lists the area of each circle (FOV) and of a
square-shaped room that can be covered by this FOV. As the FOV radius
increases from 10 ft (with 23 people visible) to 35 ft (62 people visible),
M AE increases from 0.64 to 16.66 while M AE,, increases from 0.028
to 0.269 (or from 2.8% to 26.9%).

This increase in the error was to be expected and is due to the reduc-
tion of projected body size and increasing likelihood of occlusions with
distance. Up to about 20 ft, the algorithm can count people with less
than 0.07 of M AE,, (7% error); it accurately counts the vast majority
of the 44 people located inside this circle, despite severe occlusions by
other people, tables, chairs, etc. The 20 ft radius corresponds to effec-
tive coverage of a square room with 800 ft?> area. For larger FOVs, the
error rapidly increases, so to achieve more accurate counting additional
fisheye cameras are needed.

Energy & Buildings 307 (2024) 113936

Table 1

People-counting performance of RAPiD for increasing camera field of
view. “FOV area” is the area inside the corresponding green circle in
Fig. 4, while “Square-room coverage” is the area of a square inscribed
in this circle.

FOY FOV Square-room Number of MAE MAE
radius area coverage people e
10 ft 314 ft 200 ft? 23 0.64 0.028
15 ft 707 ft? 450 ft? 34 2.36 0.069
20 ft 1,257 ft2 800 ft? 44 2.88 0.065
25 ft 1,963 ft> 1,250 ft? 52 6.92 0.133
30 ft 2,827 f* 1,800 ft? 60 14.78  0.246
35 ft 3,848 ft> 2,450 ft? 62 16.66  0.269

Table 2

People-counting performance (M AE, M AE, op and X-Accuracy) of RAPiD
in 3 selected scenarios and cumulatively over all 8 scenarios in the CEPDOF
dataset [36].

Lunch meeting 2  Edge cases  IRfilter Cumulative
No. of frames 3,000 4,201 3,000 25,504
MAE 0.436 0.420 1.582 0.827
MAEpp 0.040 0.076 0.236 0.122
Acex [%] 59/98/100 64/95/99  19/53/79  44/81/94
X=0/1/2

5.2. Performance in different occupancy scenarios

To assess performance in more challenging conditions, we used
CEPDOF [36], an annotated dataset with 8 scenarios differing in hu-
man poses, movement, occlusions, illumination, etc. Sample images
with RAPiD’s detections in 3 scenarios are shown in Fig. 5. We selected
“Lunch meeting 2” since it has the highest occupancy (up to 13). “Edge
cases” includes significant movement and unusual poses (e.g., crouch-
ing, stretching) to challenge the detector. In “IRfilter”, lights are turned
off further challenging the detector by low image contrast and detail.
While in the well-lit images all people are correctly detected, in “IRfil-
ter” (Fig. 5(c)) there are 2 misses and 1 false positive, not surprising as
RAPiID was not trained on low-light images.

Table 2 summarizes RAPiD’s performance on CEPDOF. While M AE
is relatively low for well-lit scenarios, unsurprisingly it is quadrupled
for the low-light scene. The cumulative M AE over all 8 scenarios is
reasonable at 0.827. M AE per person (M AEW) is small for “Lunch
meeting 2” (0.04 or 4%) and for “Edge cases” (0.076 or 7.6%) indicating
that RAPiD can handle unusual poses, movement, and occlusions well.
However, for “IRfilter” it is much higher at 0.236 (or 23.6%) suggesting
that improvements are needed in low light. Cumulatively, M AE,, of
0.122 (or 12.2%) is quite high since 35% of CEPDOF images have been
captured in low light. We show X-Accuracy only for X =0,1,2 since
the occupancy is quite low (up to 13). While perfect counting (X = 0) is
accomplished in about 60% of well-lit frames, in low light it happens in
only 19% of frames. A slack of 1 or 2 increases X-Accuracy to 95-100%
in well-lit scenes suggesting that RAPiD is accurate, but only to 53-79%
in low light. Cumulatively, X-Accuracy is high for X = 1,2 but only 44%
for X =0 due to a large fraction of low-light images in CEPDOF.

5.3. Performance in large space with high occupancy

Thus far, we showed that RAPiD performs well in small-to-mid-sized
spaces in various scenarios (except for low light) in short-term tests
(75 min in total). To assess RAPiD’s performance over longer time in a
highly-dynamic occupancy scenario, we recorded a 3-day video in the
studio-style classroom. On the first day, there were 11 high-occupancy
periods (lectures) with up to 87 students (Fig. 6). On the second day
there were 4 high-occupancy periods with up to 65 students, while on
the third day the classroom was mostly empty with only one period
when up to 9 students were present.
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(c) IRfilter

Fig. 5. Examples of detections by RAPiD in the standard classroom (Fig. 2(a)) in 3 scenarios selected from the CEPDOF dataset [36].

09:10:27 44
2022-10-12

(a) Day 1 — crowded lecture

13:20:25 53
2022-10-14

(b) Day 3 — low occupancy

Fig. 6. Sample frames from camera B with RAPID’s people detections in the 3-day test.

Notably, the classroom was empty during more than half of the test
time (Fig. 7) with lights turned off at night, the worst case scenario
for RAPiD. To adapt to these adverse conditions, we changed RAPiD’s
threshold y to 0.6 in low light to reduce false positives, while keeping
the original value of 0.05 in normal light. An alternative would be to
train two versions of RAPiD for the two cases, a potential project in the
future.

Fig. 6 shows two sample frames: from day 1 with 87 people and from
day 3 with 8 people. Clearly, not all of the 87 people were detected by
RAPID, especially at the top and bottom of the frame, since they are too
small and/or occluded. Fig. 7 shows the people-count estimates pro-
duced by RAPID for camera B against the ground-truth count (obtained
by carefully counting people at each time instant). Plots for cameras A
and C look very similar and are omitted. While the occupancy estimate
is highly correlated with the ground truth, it is not accurate. The true
count is underestimated on days 1 and 2 by as much as 20-30. This is
due to the size of the room and people present at the FOV periphery
where RAPID is unreliable. On day 3, the estimate accurately tracks the
ground truth since the room is largely empty or the few occupants sit
in the room’s center under camera B (Fig. 6(b)).

Table 3 shows performance metrics for RAPiD in the 3-day test. For
all 3 cameras, M AE is largest (at about 12) on day 1 when the occu-
pancy is very high during daytime. It drops to about 7-8 on day 2 when
the classroom is occupied in daytime, but with fewer people. It is the

smallest (at about 0.4-0.6) on day 3 when the room is mostly empty.
Clearly, M AE values approximately scale with average occupancy on
each day. This is confirmed by M AE,, values that are relatively con-
stant around 0.4 except for camera C on day 3 when the occupants sit
under camera B (Fig. 6(b)) and camera C is farther from room’s center
than camera A (Fig. 2(b)). The X-Accuracy for X =0 is low on days 1
and 2 (29-47%) but quite a bit higher on day 3 (55-67%). This is not
surprising as it is easier to declare zero occupancy than to get high oc-
cupancy exactly. At X =5 (the count estimate may be up to 5 off), the
X-Accuracy increases to 53-64% on days 1-2, and to 100% on day 3.
This is consistent with day 3 having mostly zero occupancy. At X = 10,
the X-Accuracy is in 59-70% range on days 1-2, and 100% on day 3.

Cumulatively across the 3 days, M AE is around 6 and M AE,, is
around 0.4 for all three cameras. Also, the X-Accuracy is fairly consis-
tent between the cameras. Note, that M AE,,, of 0.4 is higher than 0.269
reported in Table 1 for 35 ft FOV. This is due to higher occupancy (87
instead of 62) and significant movement of people, which causes oc-
clusions, especially at the start and end of each class. The cumulative
MAE,, of 0.373 for camera B is slightly lower than that for the other
cameras, which is not surprising since it is mounted close to classroom’s
center where students tend to congregate.

These results indicate that while single-camera COSSY is suitable for
small-to-medium size spaces (up to about 800 ft?), where M AE op does
not exceed 0.07 (or 7%), as reported in Table 1, the system underper-
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Fig. 7. True number of people (red) and RAPiD estimate (blue) over 3-day test (starting at 7:30 am) in the studio-style classroom for camera B (see camera layout

in Fig. 2(b)).
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Fig. 8. Overhead fisheye views from cameras A, B and C (Fig. 2(b)) installed in a 2,000 ft> studio-style classroom with overlaid people detections produced by

RAPiD.

Table 3

People-counting performance of RAPID in 3-day test in the studio-style class-
room for cameras A, B, C. The last column shows cumulative metrics computed
across 3 days.

Metric Camera Day 1 Day 2 Day 3 Cumulative
A 11.60 8.55 0.48 6.61
MAE B 11.82 6.92 0.38 6.11
C 12.32 7.36 0.62 6.49
A 0.393 0.415 0.480 0.404
MAE,, B 0.400 0.336 0.384 0.373
C 0.417 0.358 0.623 0.397
Acey [%] A 47/54/60  29/60/65  67/100/100  48/72/76
X _)6/5/10 B 45/53/59  43/64/70  74/100/100  55/73/77
B C 38/59/64  42/64/70  55/100/100  46/75/79

forms in large spaces with M AE,,, reaching 0.4 (or 40%) and must be
redesigned.

6. Multi-camera COSSY

To improve the single-camera COSSY performance, we need to un-
derstand its failure modes. Fig. 8 shows views from 3 cameras on day
1 of the 3-day test. With 80 students in the classroom, single camera
is insufficient to detect all of them since far-away students appear tiny
and are often occluded. While camera B is installed in the room’s center
(best location for a single camera), cameras A and C are located away
from the center, each covering one end of the room better than camera
B.

The idea is to use cameras A and C jointly to count all occupants.
However, people may appear in the views of both cameras, so adding
the counts from the two cameras would cause overcounting. One could
average these counts or take the maximum, but neither guarantees cor-
rect count in general. The correct approach is to identify who is visible
in both cameras’ FOVs, and count them once - occupants need to be re-
identified between different camera views, a problem generally known
as person re-identification (PRID).

While many PRID algorithms have been developed based on appear-
ance (e.g., color, texture, edges [39,40] or neural-network embedding
[41-43]), in our case due to tiny images of far-away people, partial
body occlusions and non-linear fisheye-lens distortions, appearance-
based methods often fail to accurately match identities [44]. The
partial-occlusion problem is particularly severe in high-density scenar-
ios such as the one shown in Fig. 8.

Therefore, we have developed an approach that is based on a per-
son’s location rather than appearance [45]. The key insight is that only
one person can occupy a given location in a room (3D space) at a given
moment. Since all cameras capture images at the same time, this person
appears at a specific pixel-location in each camera’s image. If we know
the location of a person in a camera’s view (e.g., detected by RAPiD),
we can map their location to another camera’s view and check if a per-
son is detected nearby.

This mapping of locations between two cameras depends on a num-
ber of parameters. Before estimating these parameters, using a precision
laser measure we made sure that both cameras’ sensor planes are par-
allel to the floor. Then, using the same device we precisely measured
two extrinsic parameters, the distance between cameras and camera in-
stallation height. Finally, we estimated other parameters: one extrinsic
parameter, namely rotation angle between the cameras in the plane par-
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Fig. 9. (a) True number of people (red) and 4 estimates obtained in the 3-day test by aggregating RAPiD’s detections in frames from cameras A and C by means
of: average (blue), maximum (orange) or sum (green) of people-count estimates, or person re-identification (black) between detections from these cameras. (b)

Expanded plot of day 1.

allel to the floor, and 5 intrinsic parameters characterizing the specific
camera model used. This camera-calibration process was automated: a
spherical, distinct-color LED light source was moved around the test
classroom at a fixed known height on a dolly and the collected im-
ages were used to find optimal camera parameters by minimizing a
camera-to-camera mapping error using SGD over 5,000 iterations with
a learning rate of 10~5. More details can be found in [45]. Note that the
parameter calibration process needs to be performed only once for each
new camera model (intrinsic parameters). When deploying an already
calibrated camera unit in new space, the only measurements needed are
its installation height, distance to a reference point and rotation angle
(after ensuring that all cameras are level).

For a calibrated camera pair, this approach maps the location of
a person (bounding-box center) from one camera’s frame to 3D space
and then from 3D space to the other camera’s frame. Since the 2D-to-
3D projection has one degree of freedom (scale factor), we constrain it
using the average height of a person in the US (66 in). Distances are
computed between all pairs of predicted locations (of people from the
first camera) and detected locations (of people in the second camera),
and the best matching between them is found using a greedy algorithm.
Out of 4 distance measures proposed in [45], we selected Count-Based
Distance (CBD) since it outperforms other metrics. A predicted location
far away from all detected locations in a frame likely corresponds to a
person visible in one camera only. To separate “matches” from “non-
matches”, we use a distance threshold 7 = 0.2 (see [46] for details).

If ﬁ;“ and 7€ are the estimated people counts by RAPiD in frame
number i from cameras A and C, respectively, and ﬁi"‘c is the number
of people successfully re-identified between these two frames, then the
people-count estimate for this pair of frames is computed as follows:
B=at a0 - @

The subtraction of ?[‘{‘C removes double counts discovered by PRID.

6.1. Performance in large space with high occupancy

Fig. 9 shows the ground truth and 4 estimates obtained in the studio-
style classroom in the 3-day test by aggregating RAPiD’s detections from
cameras A and C in different ways. While the sum of counts produced
by RAPiD from the two cameras significantly overestimates the true
count, the average and the maximum of counts severely underestimate
the true count (note that the blue line is mostly covered by the orange
line). The application of PRID via (4) results in quite accurate tracking
of the true count.

Table 4 shows quantitative performance of RAPiD for the 3-day test
(Fig. 9). Similarly to single-camera COSSY, M AE is largest on day 1
and smallest on day 3 for all algorithms. While the M AE values for av-
erage and maximum aggregation roughly scale with occupancy on each
day, this scaling is much less pronounced for the summation of counts
and even less so for PRID. The M AE,, values stay relatively unchanged
between days 1 and 2, with those for PRID being by far the lowest, but
significantly increase on day 3 for some algorithms (for the maximum it
about doubles to 0.670, for the summation it increases 5-fold to 1.436
and for PRID it increases almost 10-fold to 0.752). This is due to occa-
sional false positives that RAPiD produces (e.g., double detection of a
person, spurious detection in low light). While fairly insignificant when
occupancy is high, such false positives are very detrimental when the
space is empty (most of day 3) or almost empty (e.g., one false posi-
tive in addition to one true positive creates a 100% absolute error per
person). The summation of counts is very sensitive to false positives as
they directly impact the final count. PRID is a little less sensitive than
summation since a false positive may be matched with a detection in
the other camera’s frame and not counted. The averaging of counts is
even less sensitive to false positives due to the division by 2 and round-
ing down, as is the maximum since when a false positive happens in
a frame with lower count it has no impact on their maximum. As for
X-Accuracy, PRID significantly outperforms other algorithms for X =5
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People-counting performance (M AE, M AE,, and X-Accuracy) of RAPiD in a
72-hour test in the studio-style classroom using cameras A and C.

Metric Algorithm  Day 1
Average 11.99
Maximum 10.36
MAE Sum 6.70
PRID 2.43
Average 0.406
Maximum 0.351
MAE,, Sum 0.227
PRID 0.082
Average 47/55/62
Accy [%] Maximum 38/59/66
X=0/5/10  Sum 37/56/70
PRID 41/84/96

Day 2 Day 3 Cumulative
7.97 0.36 6.50

6.35 0.66 5.57

5.31 1.42 4.35

1.71 0.75 1.59
0.387 0.365 0.397
0.309 0.670 0.340
0.258 1.436 0.266
0.083 0.752 0.097
37/62/66 ~ 72/100/100  53/73/77
32/65/71 52/100/100 41/76/80
27/61/80  48/91/98 38/70/83
37/93/99  51/99/100 43/92/98

and X = 10, but is in the middle for X = 0 (see an explanation in the
next paragraph).

Cumulatively across 3 days, PRID significantly outperforms other al-
gorithms in M AE, M AE,, and X-Accuracy except for X =0 when the
average of counts performs better. Looking at the plot in Fig. 9 this
seems surprising for the blue line of the average (largely covered by the
orange line) is mostly well below the true count (red line). However,
the perfect people counting in 53% of frames by means of averaging
compared to 43% by PRID is due to the unoccupied periods that consti-
tute more than half of the 72-hour test period. If in an empty scenario
RAPID falsely detects one person in a frame, averaging always produces
zero-occupancy estimate due to rounding down while PRID, maximum
and sum might not (as explained earlier).

Comparing the results in Table 4 to those in Table 3 it is clear that
a two-camera COSSY significantly outperforms a single-camera COSSY
in this 2,000 ft? space. M AEW is reduced from 0.373 to 0.097 (or
from 37.3% to 9.7%) and the X-Accuracy is increased from 75% to 92%
for X =5 and from 79% to 98% for X = 10, although it drops from
55% (camera B) to 43% for X =0 (due to the unoccupied periods, as
explained above).

6.2. Temporal post-processing

The plots in Figs. 7 and 9 show that even if the true occupancy
does not change, the raw people-count estimates vary significantly in
time (due to RAPiD’s detection errors). These variations are detrimental
to HVAC control because when the BMS periodically intercepts people
counts it expects representative values of recent occupancy rather than
random fluctuations. Since, in reality, occupancy does not dramatically
change in seconds, temporal smoothing of estimates should help. A sim-
ple and outlier-robust smoothing can be accomplished by causal median
filtering as follows:

where W is the median window size. The causality is needed for real-
time implementation, but causes a delay by W — 1 frames.

Fig. 10 shows M AE,, and X-Accuracy as functions of window
size W for the best-performing multi-camera COSSY algorithm that
uses PRID-based people-counts aggregation. It achieves the minimum
MAE,, of 0.082 for W =11 compared to 0.097 for W =1 (no me-
dian filtering). Clearly, there is a modest performance benefit to median
smoothing, but as W increases beyond 11, M AE,, increases as well.
The X-Accuracy at X =0 achieves the maximum of 47% for W =33
compared to 43% with no median filtering, again a slight improvement.
Similarly, the X-Accuracy maxima of 95% at X =5 for W = 19 and of
99% at X =10 for W = 13 are slight improvements over the results
with no smoothing (92% and 98%, respectively).

The curves in Fig. 10 are slowly varying and any W between 10 and
30 guarantees improved performance over no median filtering while
assuring reduced estimate variations as shown in Fig. 11. More specifi-
cally, for W =11 there are smaller estimate variations (Fig. 11(a)) than
in Fig. 9 and for W =99 (Fig. 11(b)) the plots are quite smooth. Note
that PRID tracks the ground truth very well - it is often occluded by the
red line in Fig. 11(b).

The reduction of people-count variations is important for HVAC
control. When the BMS receives counts, they reflect recent occupancy
rather than random fluctuations. However, there is a compromise — the
larger the W, the larger the delay (estimates lag behind the ground
truth, but this is not visible in Fig. 11 due to compressed time scale).
Our current implementation of two-camera COSSY requires about 3 sec
on average to complete people counting from a pair of fisheye frames.
For W =11 (Fig. 11(a)) this implies a delay of about 30 sec and for
W =99 (Fig. 11(b)), about 5 min. Depending on the building and HVAC

A = median{#_y 1, Wi 42 s Tl 15 (5) scenario, W needs to be judiciously selected.
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Fig. 10. Dependence of M AE,,, and X-Accuracy on the size of median filtering window W for the PRID-based multi-camera COSSY.
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Fig. 11. True and estimated number of people from Fig. 9 after causal median filtering with (a) W =11, and (b) W =99.

7. Discussion

Few works in the literature report occupancy-sensing results in a
large, high-occupancy space. We found 3 studies that fit this scenario
and compare them with COSSY in Table 5. Since two methods report
only RMSE (1), we also provide COSSY’s RMSE values although they
were not reported above.

All methods in Table 5 were evaluated in similarly-sized spaces with
similar highest occupancy (except for Yang et al. [16] who tested with
more occupants). Conti et al. [14] report results for two different class-
rooms, whereas Paci et al. [15] report a range of errors for different
training/testing splits averaged between the two classrooms. While the
performance of single-camera COSSY is on-par with the other meth-
ods, its two-camera version employing PRID significantly outperforms
the competition. Its MAE of 1.59 is between 67% and 83% lower than
MAE reported by Paci et al. for different splits. Similarly, RMSE of 2.99
for two-camera COSSY is 54% lower than the lowest RMSE of 6.46 re-
ported by Conti et al. and as much as 81% lower than the worst-case
result of Paci et al. While two-camera COSSY also outperforms Yang et
al., the latter was tested in a larger space with more occupants. How-
ever, it uses a PTZ camera in patrol mode and requires labor-intensive

Table 5

commissioning to avoid overlapping detections between adjacent patrol
zones.

A crucial drawback, however, is that all three systems use images
from the test classroom during training of either a CNN or SVM. This is
not the case with COSSY for its person detector (RAPiD) was trained on
unrelated fisheye data (different rooms and occupancy levels). There-
fore, unlike the competition, COSSY is expected to deliver very similar
performance regardless of the test space.

8. Conclusions

We have developed COSSY, an occupancy-sensing system that uses
overhead fisheye cameras and advanced computational algorithms.
Tested in a large space with high occupancy, COSSY delivers accurate
people counts in seconds on a modern CPU [47]. It is also straight-
forward to deploy. The single-camera system is plug-and-play and has
been validated to work well with cameras installed at 8-12 ft height.
The multi-camera version requires only 3 measurements for each addi-
tional camera, assuming the specific camera model is already-calibrated
for intrinsic parameters. While the calibration of a new camera model
is time-consuming, it needs to be performed only once. The current

Performance comparison of COSSY against state-of-the-art methods tested in large
spaces. Results in [14] and [15] are reported for two classrooms. Room area reported
in corresponding paper is in roman font, while the one in italic font results from con-

version.
l-camera  2-camera  Conti et al. Paci et al. Yang et al.
COSSY COSSY [14] [15] [16]
Room 2,000 f2 2,000 ft? 1,830/2,690 f&  1,830/2,690 f& 2,196 ft*
area 186 m? 186 m* 170/250 m? 170/250 m? 204 m?
Max. occup. 87 87 80/95 95/70 150
MAE 6.11 1.59 - 4.86-9.44 -
RMSE 12.34 2.99 6.46/8.55 7.12-15.71 7

10
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version of RAPiD (the people detector) could benefit from fine-tuning
in low-light conditions, but to some degree this can be addressed by
parameter adjustment. In this regard, COSSY requires selection of 3 pa-
rameters only: threshold y to control false positives/negatives in people
detection, threshold 7 to control the sensitivity to double-counting of
people, and window size W to control variations of people counts in
time. We also proposed two new performance metrics that are inde-
pendent of occupancy level and should be very useful when comparing
performance in different occupancy scenarios.

COSSY has far exceeded our initial expectations in terms of per-
formance and flexibility. With additional fine-tuning it can be ready
for deployment in large commercial spaces with dynamic occupancy
to help realize energy savings and provide actionable information to
spatial-analytics platforms.
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