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Abstract: Accurate indoor occupancy information extraction plays a crucial role in building energy
conservation. Vision-based methods are popularly used for occupancy information extraction because
of their high accuracy. However, previous vision-based methods either only provide 2D occupancy
information or require expensive equipment. In this paper, we propose a cost-effective indoor
occupancy information extraction system that estimates occupant positions and trajectories in 3D
using a single RGB camera. The proposed system provides an inverse proportional model to estimate
the distance between a human head and the camera according to pixel-heights of human heads,
eliminating the dependence on expensive depth sensors. The 3D position coordinates of human
heads are calculated based on the above model. The proposed system also associates the 3D position
coordinates of human heads with human tracking results by assigning the 3D coordinates of human
heads to the corresponding human IDs from a tracking module, obtaining the 3D trajectory of each
person. Experimental results demonstrate that the proposed system successfully calculates accurate
3D positions and trajectories of indoor occupants with only one surveillance camera. In conclusion,
the proposed system is a low-cost and high-accuracy indoor occupancy information extraction system
that has high potential in reducing building energy consumption.

Keywords: 3D occupant positioning; 3D trajectory reconstruction; surveillance camera; building
energy saving

1. Introduction

Research has shown that individuals spend 85-90% of their time indoors [1]. To
provide healthy and comfortable indoor environments for occupants, buildings consume
about 40% of the worldwide energy [2]. However, the heating, ventilation, air-conditioning
(HVACQ), lighting, and plug load systems generally run fully on, regardless of whether the
building occupancy rate reaches 100% [3], wasting large amounts of energy. Occupancy-
based control systems have great potential to improve building energy efficiency [4,5]. For
example, Pang et al. [6] showed that occupancy-driven HVAC operation could reduce
building energy consumption by 20-45%; Zou et al. [7] showed that their occupancy-driven
lighting system could reduce energy consumption by 93% compared to the static lighting
control scheme; Tekler et al. [8] showed that their occupancy-driven plug load management
system could reduce building energy consumption by 7.5%; and Yang et al. [9] showed
that their occupant-centric stratum ventilation system could reduce energy consumption
by 2.3-8.1%. Therefore, obtaining accurate occupancy information has clear benefits in
reducing building energy use.

Occupancy information can be obtained using various kinds of sensors, such as passive
infrared (PIR) [10], CO, [11,12], sound [13,14], radar [15], Wi-Fi [16-18], Bluetooth [19,20],
ultra-wideband (UWB) [21,22], vision [23], and so on. While some methods use single
sensor types, other researchers have studied combinations of multiple kinds of sensors.
Tekler et al. [24] combined CO,, Wi-Fi connected devices, and many other sensor data
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types to predict occupancy. Tan et al. [25] combined temperature, humidity, image, and
many other sensor data types to detect occupancy. Qaisar et al. [26] combined temperature,
humidity, HVAC operations, and many other sensor data types to predict occupancy.
However, sensors have varying capabilities and limitations. PIR sensors are insensitive to
stationary occupants [27]. CO, sensors respond slowly and are easily influenced by many
factors, such as unpredictable opening of windows [28]. Sound sensors can be triggered
by sound from non-human sources [29]. Radar sensors can be obscured by large body
movements [15]. Wi-Fi, Bluetooth, and UWB sensors require occupants’ involvement, as
with holding smartphones or UWB tags [30]. If occupants do not hold these devices, they
cannot be detected. Compared to other sensors, vision sensors can capture richer data
with greater accuracy [23]. In addition, because surveillance cameras have been widely
installed in public places such as offices, schools, shopping malls, and so on, vision-based
occupancy information extraction technologies can be easily integrated into existing vision
surveillance systems at a very low cost. Therefore, vision-based occupancy information
extraction has attracted the attention of many researchers.

Vision-based occupancy information extraction methods fall into two categories: 2D-
based [23,31-33] and 3D-based methods [27,30,34,35]. The 2D-based methods generally use
object detection networks such as YOLOX [36] or Faster RCNN [37] to detect human bodies
or heads. An example of 2D-based human head detection results is shown in Figure 1a,
showing the presence, number, and 2D positions of human heads in images. However, the
2D positions in images cannot provide the exact locations of humans in the 3D world and
then cannot provide accurate occupant location information for intelligent building energy
saving systems.

X Estimated 3D trajectory —Motion path planned in advance

(b)

Figure 1. Comparison of different types of vision-based occupancy information extraction methods:
(a) a 2D-based method, with red boxes indicating the detected human heads; and (b) a 3D-based
method, with the point set indicating the 3D trajectory of an occupant.

In recent years, many 3D-based methods have been proposed to address the above
limitations. Wang et al. [34] fused the skeleton key points which are extracted from images
captured by multiple cameras to reconstruct the 3D positions of humans. Wang et al. [27]
utilized multiple RGB-D cameras to capture RGB images and depth images from different
views, and used these captured RGB-D images to estimate human poses. The 3D positions
of humans are reconstructed by fusing these estimated human poses. Zhou et al. [35]
estimated the 3D positions of objects (including humans) by combining images captured
by a surveillance camera and a building information model (BIM). However, these pre-
ceding 3D methods only estimated the 3D positions of occupants, not their 3D trajectories.
Dai et al. [30] proposed an indoor 3D human trajectory reconstruction method combining
the video captured by a monocular surveillance camera and a static point cloud map. The
static point cloud map is built in advance by a LIDAR-based simultaneous localization and
mapping (SLAM) algorithm. However, this method’s dependence on a point cloud map
increases its implementation cost.
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In this paper, we propose a cost-effective indoor 3D occupant positioning and trajectory
reconstruction system. This system does not need to build any large models, such as BIM
and point cloud maps, in advance and requires no special cameras such as RGB-D cameras.
It only uses a monocular customer surveillance camera to calculate 3D positions and
reconstruct 3D trajectories of occupants. Therefore, the proposed system can be easily
integrated into existing vision surveillance systems at a very low cost to provide accurate
occupancy information for intelligent building energy management systems.

The main contributions of this paper are as follows:

(1) We propose an inverse proportional model to estimate the distance between human
heads and the camera in the direction of the camera optical axis according to pixel-
heights of human heads. With the help of this model, the 3D position coordinates of
human heads can be calculated based on a single RGB camera. Compared with previous
3D positioning methods, our proposed method is significantly more cost-effective.

(2) We propose a 3D occupant trajectory reconstruction method that associates the 3D
position coordinates of human heads with human tracking results according to the
degree of overlap between binary masks of human heads and human bodies. This
proposed method takes advantage of both the low cost of our 3D positioning method
and the stability of human body tracking.

(3) We perform experiments on both 3D occupant positioning and 3D occupant trajectory
reconstruction datasets. Experimental results show that our proposed system success-
fully calculates accurate 3D position coordinates and 3D trajectories of indoor occupants
with only one RGB camera, demonstrating the effectiveness of the proposed system.

2. Methods
2.1. Overview

The flowchart of our proposed cost-effective system for indoor 3D occupant position-
ing and trajectory reconstruction is shown in Figure 2. As shown in this figure, our system
contains seven modules: video capture module, camera calibration module, distortion
correction module, instance segmentation module, 3D coordinates calculation module,
tracking module, and 3D trajectory generation module.

The video capture module receives input video from a single surveillance camera. The
camera calibration module calibrates the surveillance camera by the camera calibration
function of OpenCV and a calibration board. The distortion correction module uses the
distortion parameters calculated by the camera calibration module to remove both radial
and tangential distortions. The instance segmentation module segments each instance of
human body and human head. The 3D coordinates calculation module calculates the 3D
coordinates of human heads. The tracking module receives the human body bounding
boxes from the instance segmentation module and tracks them. The 3D trajectory generation
module associates the 3D coordinates of human heads provided by the 3D coordinates
calculation module and the IDs provided by the tracking module to generate the 3D
trajectory of each person.

As shown in Figure 2, our 3D occupant positioning method contains the distortion
correction module, the instance segmentation module, and the 3D coordinates calcula-
tion module; our 3D occupant trajectory reconstruction method contains the above three
modules as well as the tracking module and the 3D trajectory generation module.

In the following, we will introduce our 3D occupant positioning method and our 3D
occupant trajectory reconstruction method in turn.

2.2. Three-Dimensional Occupant Positioning

Our 3D occupant positioning method contains the distortion correction module, the
instance segmentation module, and the 3D coordinates calculation module.

The distortion correction module uses the distortion parameters calculated by the
camera calibration module to remove radial and tangential distortions in the captured
videos and images. This module makes use of OpenCV'’s distortion correction functions.
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Figure 2. The flowchart of our proposed cost-effective system for indoor 3D occupant positioning
and trajectory reconstruction.

The instance segmentation module segments each instance of human body and human
head. Each instance segmentation result contains a classification label, bounding box
coordinates, and a segmentation mask. The classification label indicates whether the
segmented instance is a human body or a human head. The bounding box coordinates
indicate the bounding box of the segmented instance. The segmentation mask is a binary
mask delineating the segmented instance. For convenience, we reorganize these outputs
into two groups of segmentation results: human bodies and human heads. Both types of
instance segmentation results contain the corresponding bounding boxes and binary masks.
The instance segmentation module uses the state-of-the-art real-time YOLOVS8 method [38].
In our 3D occupant positioning method, only the bounding boxes of human heads are
further used for 3D coordinates calculation.

The 3D coordinates calculation module uses the bounding boxes of human heads
provided by the instance segmentation module to calculate the 3D coordinates of human
heads. As shown in Figure 2, this module has three steps. First, it calculates the distance
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between the head and the camera in the direction of camera optical axis. Second, it calculates
the 3D coordinates of each head in the camera coordinate system. Third, it calculates the
3D coordinates of each head in the world coordinate system.

Since the distortion correction module and the instance segmentation module use
previous mature algorithms, a detailed introduction to these two modules will not be
provided in the following. Next, we will focus on introducing the three steps of the 3D
coordinates calculation module.

(1) Calculate the distance between the head and the camera in the direction of camera
optical axis

In the following, d denotes the distance between a specific head and the camera in the
direction of camera optical axis. In this step, we build an inverse proportional model to
calculate d according to the pixel-measured human head height provided by the human
head bounding box.

Figure 3 shows the measurements needed to perform human head imaging. This
figure is helpful in understanding the derivation of our inverse proportional model. In
Figure 3, a, b, and ¢ are three points on the imaging plane; A, B, and C are three points on
the plane of the head, which is perpendicular to the camera’s optical axis; O is the camera
optical center; a, O, and A are collinear; b, O, and B are collinear; ¢, O, and C are collinear; h
is the physical height of the head on the imaging plane, which equals the distance between a
and b; H is the actual physical height of the head in the 3D world, which equals the distance
between A and B; f is the focal length of camera, which equals the distance between c and
O; and d is the distance between the head and the camera in the direction of camera optical
axis, which equals the distance between C and O.

B ?ﬁﬂg.}f%’ T I 3..“5%.";6?}{%% e B v B %

L Co il el

Figure 3. The schematic diagram of human head imaging. In this figure, 4, b, and c are three points
on the imaging plane; A, B, and C are three points on the plane of the head, which is perpendicular
to the camera’s optical axis; O is the camera optical center; 1 is the physical height of the head on the
imaging plane; H is the actual physical height of the head in the 3D world; f is the focal length of the
camera; d is the distance between the head and the camera in the direction of the camera optical axis.

Since triangle AacO is similar to triangle AACO, it follows that

lac] _ f
|AC| — d M

where |ac| denotes the distance between a and ¢, and |AC| denotes the distance between A
and C. Equation (1) can be rewritten as
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lac| = i|AC| 2
d
Since triangle AbcO is similar to triangle ABCO, it follows that
lbel _ f
IBC| d ®)

where |bc| denotes the distance between b and ¢, and |BC| denotes the distance between B
and C. Equation (3) can be rewritten as

jbel = L1Bc| @
d
We then calculate the difference between Equations (2) and (4):
| — be| = £ (1ac) - 1Bc) ©

Because |ac| — |bc| = |ab| = h, and |AC| — |BC| = |AB| = H, Equation (5) can be
rewritten as

7 f
h=ZH )

There exists a scale factor « between the pixels in the image and the actual physical
size. The pixel-measured head height 1 conforms to the following equation:

h=ah= %H 7)

Equation (7) can be further rewritten as

_of
d==LH ®)

Using f, to denote a- f, Equation (8) can be rewritten as
fa
d="—H 9
: ©)

Equation (9) is the inverse proportional model between / and d. In our system, f, is
provided by the camera calibration module as an intrinsic parameter, and / is provided
by the head bounding box. For adults, the body to head ratio is approximately equal to 7.
In our system, we first use H = 0.25 m to calculate the primary 3D coordinates of heads in
the 3D world using the 3D coordinates calculation module and then use the Y-coordinate
of the head in the 3D world as the body height. Finally, we use the human body height
divided by 7 as the new H and use this new H to recalculate the 3D coordinates of human
heads in the 3D world.

We use box® to denote the bounding box of the n'" head in the k' frame. boxk is

k k k

. . . kK
provided by the instance segmentation module. box), = {un,ul’ Vs ol

wk, hk }, where u
and UI:I .1 are the horizontal and vertical coordinates, respectively, of the upper-left corner

of the bounding box; wX and /¥ are the width and height, respectively, of the bounding box.
We use K as the pixel-height of the head. The distance df between the n" head in the k"
frame and the camera in the direction of the camera optical axis can be calculated as

df = %H (10)
n

(2) Calculate the 3D coordinates of human heads in the camera coordinate system
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The camera coordinate system uses the typical X-, Y-, and Z-axes. We use PC’,‘I =

-1
[XC’; yck ZCH to denote the 3D coordinates of the nth head in the kth frame in
the camera coordinate system with the optical axis of the camera serving as the Z-axis.
Therefore, ZCk equals to dX:

ZCk =df = %H (11)

n
According to the camera imaging principle [39], the relationship between the 2D
coordinates in images [u 0] ! and the 3D coordinates in the camera coordinate system

[xC YC zc]lis

u x 0 Au f 0 0 XC
ZClv| =10 a Av|x [0 f 0| x|YC (12)
1 0 0 1 0 01 zC

where & denotes the scale factor between the pixels in the image and the actual physical
size; Au is the horizontal offset; Av is the vertical offset; and f is the focal length of the
camera. We can rewrite Equation (11) as

U= %-XC-FAM (13)
= 2Lyc+A
U= 7= + Av
Similarly to Equation (9), we use f, to denote a- f and obtain
u=4%.XC+ Au 14
_ Ja
v=5:YC+ Av
Equation (12) can be further rewritten as
XC = £E(u — Au) 5
YC = f—f(v — Av) (1)

In our system, ZC is calculated using Equation (11); f,, Au, and Av are provided by
the camera calibration module as intrinsic parameters; # and v are calculated from the
head bounding box coordinates. Using the nth head in the kth frame as an example, the
horizontal and vertical coordinates of this head are denoted as uk and ¥, respectively. u¥
and v¥ are then calculated as

k
k _ k Wy
Uy = un,ul + 2

16)
it (
Ul'f(l = vlrcl,ul + 2

k
n,ul

of boxi‘Z ; HE and wk are the height and width of box’,‘Z ; and box,’i = {uk ok w,’i,hﬁ} is

nul” “n,ul”
the bounding box of the nth head in the kth frame provided by the instance segmentation
module. We then use ZCI,‘I, uﬁ, and v’,; to replace ZC, u, and v in Equation (15) to obtain

where u; ; and vﬁ . are the horizontal and vertical coordinates of the upper-left corner

fa

k k
YCh = 25 (o, + % — a0)

k k
Xck — ZCy (Z/lk + Wy _ Au)
n n,ul 2 (17)

In conclusion, Z Cﬁ is calculated using Equation (11), and X Cﬁ and YCﬁ are calculated
using Equation (17). We finally obtain the 3D coordinates of the nth head in the kth frame

-1
in the camera coordinate system: PCk = [XC',; YCk ZCH .
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(3) Calculate the 3D coordinates of human heads in the world coordinate system

The 3D coordinates of heads in the world coordinate system are calculated based the
3D coordinates in the camera coordinate system and the extrinsic parameters provided by
the camera calibration module. For the nth head in the kth frame, the 3D coordinates in the

-1
world coordinate system PWX = | XWX YWk ZWk|  are calculated as

XWk xck
YWE| =R [yck| —t¢ (18)
ZWk zck

where {Xc’; YCk ZCH ' are the coordinates of the head in the camera coordinate
system calculated by Equations (11) and (17); R is the rotation matrix between the world
coordinate system and the camera coordinate system with a size of 3 x 3; and ¢ is the
translation vector between the world coordinate system and the camera coordinate system
with a size of 3 X 1. R and f are extrinsic parameters provided by the camera calibration

-1
module. PWK = [XW’; YWk ZWH is the 3D position coordinate that we aim to
calculate in our 3D occupant positioning method.

2.3. Three-Dimensional Occupant Trajectory Generation

Our 3D occupant trajectory generation method includes the three modules contained
in the 3D occupant positioning method, as well as the tracking module and the 3D trajectory
generation module.

As described in the last subsection, the instance segmentation results contain the
bounding boxes and binary masks of human bodies, as well as the bounding boxes and
binary masks of human heads. In our 3D occupant trajectory generation method, the
bounding boxes of human bodies are further used for tracking. The binary masks of human
bodies and human heads are further used for matching.

The tracking module receives the human body bounding boxes outputted by the
instance segmentation module and tracks them. This module assigns a consistent ID to the
same human appearing in different frames. This module is built using BoT-SORT [40].

The 3D trajectory generation module generates the 3D trajectory of each occupant by

combining the information about heads and bodies. Head" = {headi‘, ’n =12,...... , Nk }
denotes the information about all of the heads in the kth frame used in the 3D trajectory
generation module. head’, denotes the information for the nth head in the kth frame,
with head’ = (Hmask’fn, PW’;). Hmaskk, denotes the binary mask of the nth head in

the kth frame and is provided by the instance segmentation module. PW¥ denotes the
3D position coordinates of the nth head in the kth frame and is provided by the 3D
coordinates calculation module. N* denotes the total number of heads detected by the
instance segmentation module in the kth frame. Bodyk = {bodyz‘m =1,2,...... , Mk}
denotes all of the human body information in the kth frame used in the 3D trajectory
generation module. body’fn denotes the information of the nth body in the kth frame, with

bodyﬁ1 = (Bmaskﬁ, I D’,;Z) Bmaskk, denotes the binary mask of the mth body in the kth

frame and is provided by the instance segmentation module. ID¥, denotes the ID of the
mth body in the kth frame and is provided by the tracking module. The tracking module
assigns a consistent ID to identical humans appearing in different frames. M* denotes the
total number of bodies detected by the instance segmentation module in the kth frame.
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In the 3D trajectory generation module, we first match headﬁ and bodyﬁl based on the
degree of overlap between their binary masks using the test

|Hmask]§nﬂBmask]§n |
|Hmask]fn |
‘Hmusk’fnﬂBmusklfn |
‘Hmusk’fﬂ |

> T, head matches boalyﬁ1
. . (19)
< T, head, mismatches body,,

where |HmaskX, N Bmaskk,| denotes the overlapping area between the head and body
masks H maskﬁl and Bmask,, respectively.; |HmaskX,| denotes the area of Hmask,, T is the
threshold used to determine whether head® matches bodylfn. If head" successfully matches
bodylfﬂ, then we associate 1Dk, of bodylfn and PWE of headlf,. If head’,ﬁ mismatches body’,;, no
operation is performed.

For each human body, we try to find its corresponding human head and assign the
3D coordinates of this human head to the ID of this human body. Then, we will obtain
a sequence of 3D coordinates for each individual ID, which is the 3D trajectory of the
corresponding occupant. Through the above method, we obtain the 3D trajectory of each
human appearing in the video.

3. Experiments

This paper proposes a 3D occupant positioning and trajectory reconstruction system.
In the following, we first introduce the experimental datasets, then present and analyze the
3D positioning results and the 3D trajectory reconstruction results, and finally present and
analyze the running time of the proposed system.

3.1. Datasets

We built two datasets to evaluate the performance of the proposed cost-effective 3D
occupant positioning and trajectory reconstructing system. One dataset consists of images
used to evaluate the accuracy of 3D occupant positioning. The other dataset consists of
videos used to evaluate the performance of 3D occupant trajectory reconstruction.

3.1.1. Dataset for 3D Occupant Positioning

Figure 4 shows how the 3D positioning dataset was created. In this figure, the 3D
coordinate system marked in red is the world coordinate system. As shown in this figure,
the origin of the world coordinate system is located on the ground directly below the
surveillance camera, with the directions of the X-, Y-, and Z-axes indicated. When we
captured the images that used to evaluate the accuracy of 3D positioning, we instructed
occupants to stand at the cross junctions of the floor tiles. Because the size of the floor
tiles is fixed, we obtained the ground-truth of the X- and Z-coordinates of each head
in the world coordinate system by counting the number of floor tiles. The height of a
human measured by a ruler was used as the ground-truth of the Y-coordinate of each head
in the world coordinate system. Using this method, we collected images from different
scenes and annotated the ground-truth of the 3D coordinates of the heads in the world
coordinate system.

Details of our 3D positioning dataset are shown in Table 1. We acquired our dataset in
five scenes. In each scene, we acquired three image sets. The number of images contained
in each set and the size of the images are shown in Table 1.
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Figure 4. The diagram of creating the 3D occupant positioning dataset. The X-, Y-, and Z- axes marked
in red denote the 3D world coordinate system; O denotes the origin of the world coordinate system.

Table 1. Details of the 3D occupant positioning dataset.

Image Sets Number of Images Image Size (Pixels) Scene
Image Set A-1 21 3840 x 2160
Image Set A-2 21 3840 x 2160 Meeting room
Image Set A-3 11 3840 x 2160
Image Set B-1 9 3840 x 2160
Image Set B-2 18 3840 x 2160 Reception room
Image Set B-3 10 3840 x 2160
Image Set C-1 20 3840 x 2160
Image Set C-2 45 3840 x 2160 Elevator hall
Image Set C-3 23 3840 x 2160
Image Set D-1 9 3840 x 2160
Image Set D-2 13 3840 x 2160 Classroom
Image Set D-3 10 3840 x 2160
Image Set E-1 26 3840 x 2160
Image Set E-2 26 3840 x 2160 Hallway
Image Set E-3 23 3840 x 2160

3.1.2. Dataset for 3D Occupant Trajectory Reconstruction

Figure 5 shows how we created the 3D occupant trajectory reconstruction dataset. The
world coordinate system used in this dataset is same as the world coordinate system used
in the 3D occupant positioning dataset. When we recorded the videos used to evaluate the
performance of 3D trajectory reconstruction, we planned the motion paths for occupants
in advance. In Figure 5, the blue dotted lines are the planned walking paths and the blue
solid lines are the planned motion paths of the human head.

Details of our 3D occupant trajectory reconstruction dataset are shown in Table 2. We
acquired five videos from each of five scenes, with the size and number of frames as shown
in Table 2.
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Figure 5. The diagram of creating the 3D occupant trajectory reconstruction dataset. The X-, Y-, and
Z-axes marked in red denote the 3D world coordinate system; O denotes the origin of the world
coordinate system. The blue dotted lines are the walking paths planned in advance. The blue solid
lines are the motion paths of the head planned in advance.

Table 2. Details of the 3D occupant trajectory reconstruction dataset.

Videos Number of Frames Image Size (Pixels) Scene
Video A 243 1280 x 720 Meeting room
Video B 253 3840 x 2160 Reception room
Video C 432 3840 x 2160 Elevator hall
Video D 528 3840 x 2160 Classroom
Video E 487 3840 x 2160 Hallway

3.2. Three-Dimensional Occupant Positioning

The 3D occupant positioning dataset described in Section 3.1.1 was used in our 3D
positioning experiments. In these experiments, all the images were resized to 1280 x 720.
We annotated the ground-truth 3D coordinates of heads in the world coordinate system
by the method described in Section 3.1.1. To evaluate the accuracy of our 3D positioning
method, we calculated the mean absolute error in the X-, Y-, and Z-axes and the spatial
error in the 3D world using Equations (20)—(23).

X Error = %22’:1 XWF — xwét (20)
Y Error = %EL YWE — yws! 1)
Z Error = %ZnNzl ZWE — ZWS! (22)
Spatial Error = %ij:l i (xwh - XWﬁt)z + (Ywh - YW,%t)z + (zwh - zwﬁt)2 (23)

In the preceding equations, XWﬁ, YWﬁ, and ZWﬁ are the predicted X-, Y-, and Z-
coordinates of the nth head in the world coordinate system; X Wﬁt, YW‘gt, and Z W‘gt are the
ground-truth values of the X-, Y-, and Z-coordinates of the nth head in the world coordinate
system, and N denotes the total number of heads. The 3D positioning evaluation results
are shown in Table 3.
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Table 3. Three-dimensional occupant positioning evaluation results.

Image Sets X Error (cm) Y Error (cm) Z Error (cm) Spatial Error (cm)
Image Set A-1 3.28 1.89 11.54 12.75
Image Set A-2 3.30 2.87 14.00 15.38
Image Set A-3 4.40 2.55 15.37 16.91
Image Set B-1 3.16 5.59 6.73 10.23
Image Set B-2 3.99 4.66 14.08 16.04
Image Set B-3 3.82 5.61 19.77 22.31
Image Set C-1 6.94 2.72 16.77 18.65
Image Set C-2 6.53 1.76 11.46 14.51
Image Set C-3 4.85 2.52 15.61 17.43
Image Set D-1 5.87 0.95 16.10 17.60
Image Set D-2 5.88 1.18 16.13 18.13
Image Set D-3 5.10 0.82 18.50 19.49
Image Set E-1 4.47 3.57 11.46 13.98
Image Set E-2 5.99 2.97 15.82 17.85
Image Set E-3 6.00 3.30 11.58 14.71

Mean 491 2.86 14.33 16.40

As shown in Table 3, in all of our image sets, the errors in the X- and Y-axes are small,
at 4.91 cm and 2.86 cm, respectively. In contrast, the Z-axis error is large at 14.33 cm. The
Z-axis error is the primary source of the final spatial error.

We also compared the mean spatial error of our method with those of other 3D
positioning algorithms: Dai [30], EPI + TOF [27], and Zhou [35]. The mean spatial errors of
these methods were taken from their articles. If multiple groups of data were used in their
articles, we calculated their average values. Our 3D occupant positioning method obtained
the depth information based on our proposed inverse proportional model of the head height
in the image and the distance between the head and camera in the direction of the camera
optical axis. This depth information could also be obtained by depth estimation methods.
Therefore, we also built a 3D positioning module by combining depth estimation [41]
and 3D reconstruction, whose mean spatial error is shown in the first line of Table 4. In
addition to the mean spatial errors, Table 4 also shows the dependent devices or models of
different algorithms. For example, Dai’s Baseline [30] uses one surveillance camera and
Dai’s Baseline + BKF + GC [30] uses one surveillance camera as well as a 3D point cloud
map of the environment constructed in advance.

Table 4. Comparisons of different algorithms based on the year of publication, the dependent devices
or models, and mean spatial error.

Dependent Devices Mean Spatial
Method Year or Models Error (cm)
Depth Estimation .[41] * 2022 1 surveillance camera 103.00
3D Reconstruction
Dai’s Baseline [30] 2022 1 surveillance camera 54.00
Dai’s Baseline + BKF [30] 2022 1 surveillance camera 42.00
Dai’s Baseline + BKF + GC [30] 2022 I surveillance camera + 13.67
3D point cloud map
EPI+TOF [27] 2023 4 RGBD cameras 10.05
Zhou et al. [35] 2023 1 surveillance camera + BIM 16.60
Our 3D Occupant .
Positioning Method 2023 1 surveillance camera 16.40

Our 3D occupant positioning method calculates the 3D coordinates of heads based on
a single surveillance camera. Table 4 shows that, compared to other methods that also use
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only one surveillance camera, our 3D occupant positioning method obtained the smallest
mean spatial error, achieving the best performance. In addition, the mean spatial error of
our algorithm was slightly lower than that of Zhou's algorithm, and slightly higher than
those of Dai’s Baseline + BKF + GC and EPI + TOF. It should be noted that, although Dai’s
Baseline + BKF + GC and EPI + TOF have lower mean spatial errors than our algorithm,
it comes at a much higher implementation cost. For example, Dai’s Baseline + BKF +
GC not only requires a surveillance camera but also requires a 3D point cloud map of
the environment that is built in advance using an expensive device. EPI + TOF requires
four RGBD cameras, which are much more expensive than surveillance cameras. Our 3D
occupant positioning method effectively balances the 3D positioning accuracy and the cost.
It can be integrated into existing vision surveillance systems without upgrading equipment.

3.3. Three-Dimensional Occupant Trajectory Reconstruction

Accurately annotating the 3D trajectories of occupants is very difficult. As mentioned
in Section 3.1.2, we used planned motion paths when recording videos of occupants.
However, it is difficult to calculate the 3D trajectory reconstruction accuracy based on
these motion paths planned in advance for two reasons. First, although we planned the
motion paths in advance, we could not ensure that the occupants walked exactly along
these paths, especially around bends. Second, the motion paths were composed of lines,
while the 3D trajectories calculated based on the videos were point sequences. There is not
a one-to-one correspondence between the planned paths and the 3D trajectories calculated
from the videos. For these above reasons, we cannot quantitatively calculate the accuracy
of the 3D trajectory reconstruction. Instead, we qualitatively show the performance of our
3D occupant trajectory reconstruction method. The 3D occupant trajectory reconstruction
dataset described in Section 3.1.2 was used in our trajectory reconstruction experiments. In
these experiments, all the frames were resized to 1280 x 720.

Figure 6 shows the 3D occupant trajectory reconstruction results of our five videos. As
shown in these figures, these five videos were captured in different scenes. Their 3D trajec-
tory reconstruction results were consistent with the planned motion paths, demonstrating
that our method successfully reconstructed the 3D trajectories of occupants.

From our literature review, most vision-based occupancy information extraction meth-
ods either only extract 2D occupancy information or only provide 3D position information.
Dai et al. [30] proposed an indoor 3D human trajectory reconstruction method using surveil-
lance cameras and a 3D point cloud map. Comparisons between our method and Dai’s [30]
are shown in Table 5. Dai obtained the ground-truth of 3D trajectories using two Velodyne
LiDAR sensors, which were expensive. Therefore, they could evaluate their trajectories by
calculating trajectory errors. Unfortunately, we lacked similar equipment to capture our
ground-truth trajectories. Therefore, we compared our method with Dai’s qualitatively as
shown in Table 5. Table 5 shows that our method is faster and lower cost than the method
proposed by Dai et al. [30].

Table 5. Comparisons with other vision-based 3D human trajectory reconstruction methods based on
the year of publication, the dependent device or model, and running time.

Dependent Device Running TIME
Methods Year or Model (ms/frame)
Indoor 3D human trajectory 2022 Surveillance cameras 140
reconstruction [30] +3D point cloud map
Our 3D occupant trajectory 2023 1 surveillance camera 68

reconstruction method
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(b) (c)

Figure 6. The 3D trajectory reconstruction results of the videos captured in five different scenes. From

top to bottom: meeting room, reception room, elevator hall, classroom, and hallway. In addition,
(a) displays one frame of each video, (b) displays the 3D trajectory reconstruction result of one
occupant in each video, and (c) displays the 3D trajectory reconstruction result of the other occupant
in each video. In (b,c), the red lines are the planned motion paths of heads; the blue points are the
predicted 3D trajectories of the heads; the black arrows indicate the direction of movement.
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3.4. Running Time Analysis

We measured the duration of our 3D occupant positioning and trajectory reconstruc-
tion system, with results given in Table 6. All of our experiments were implemented using
PyTorch on a system with one NVidia RTX 3090 GPU and one Intel Xeon Platinum 8358P
CPU. As shown in Table 6, the running time of our 3D occupant positioning method was
33 ms/frame and the running time of our 3D occupant trajectory reconstruction method
was 70 ms/frame. Our 3D occupant positioning method can run in real time. Its speed
is faster than that of our 3D occupant trajectory reconstruction method. This is because,
compared to our trajectory reconstruction method, our positioning method does not include
the tracking module and the 3D trajectory generation module.

Table 6. Running time of our 3D occupant positioning and 3D occupant trajectory reconstruction

methods.
3D Occupant 3D Qccupant
Methods e Trajectory
Positioning .
Reconstruction

Distortion correction v v
Instance segmentation v v
Modules 3D coordinates calculation v v
Tracking X 4
3D trajectory generation X v
Running Time (ms/frame) 33 70

To further analyze the time cost of each step of the proposed system, we measured
the duration of each individual module of our system, with results given in Table 7.
As shown in Table 7, the time was mainly spent on the distortion correction, instance
segmentation, and tracking steps, requiring 15 ms/frame, 17 ms/frame, and 33 ms/frame,
respectively. The average running times of the 3D coordinates calculation and 3D trajectory
generation steps were only 1 ms/frame and 4 ms/frame, respectively. This is because
the distortion correction, instance segmentation, and tracking modules needed complex
pixel-level operations, while the 3D coordinates calculation and 3D trajectory generation
modules only needed to process the bounding box coordinates and segmentation masks.

Table 7. Running time of each module of the proposed cost-effective system for indoor 3D occupant
positioning and trajectory reconstruction.

Modules Running Time (ms/Frame)
Distortion correction 15
Instance segmentation 17
3D coordinates calculation 1
Tracking 33
3D trajectory generation 4
Total 70

4. Discussion

Buildings are closely related to people’s lives. To construct safe, comfortable, and
energy-efficient buildings, numerous researchers have conducted extensive studies [42—45].
In this paper, we focus on the study of how to extract 3D occupant information at a low
cost and propose a cost-effective system for indoor 3D occupant positioning and trajectory
reconstruction. This system performs 3D positioning and trajectory reconstruction using
a single surveillance camera. The comparisons between our 3D positioning method and
previous methods have been presented in Table 4. Table 4 not only compares the mean
spatial error of different methods, but also compares the publication years and dependent
devices or models of different methods. On one hand, this table demonstrates that our 3D
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positioning method has the smallest mean spatial error compared to other methods that only
use one surveillance camera. On the other hand, it shows that our method has comparable
positioning accuracy to other state-of-the-art high-precision positioning methods, while
having a lower cost. The comparisons between our 3D trajectory reconstruction method
and the previous method are shown in Table 5. Due to the limited number of current
vision-based 3D occupant trajectory reconstruction algorithms, Table 5 only compares the
indoor 3D human trajectory reconstruction method proposed by Dai et al. [30] and our
method. In addition, as we do not have expensive high-precision equipment, such as
LiDAR as used in [30], to obtain the ground-truth of 3D trajectory, Table 5 only compares
the publication year, the dependent device or model, and running time of different methods.
This table demonstrates that our 3D occupant trajectory reconstruction method has a lower
cost and a faster speed than Dai’s method.

Our algorithm provides accurate 3D occupant positioning information for intelligent
building energy management systems. Previously, most occupancy information extraction
methods only detected human bodies or heads in 2D images. These methods only provide
information about the presence and number of occupants, but nothing about their locations
in 3D, thus limiting their application with HVAC, lighting, and many other control systems.
For example, in a large meeting room, there are many electric lights throughout the room.
When we detect the appearance of occupants in the meeting room, we do not need to turn
on all of the lights. Only the lights above the occupants need to be turned on but that
requires the occupants” 3D location. Our algorithm also provides accurate 3D occupant
trajectories, enabling smarter energy management systems. For example, when many
people in the meeting room are moving toward the door, we can predict that the meeting is
over and people will leave the meeting room one after another. This enables the system
to turn off the air conditioner in advance and direct the elevator to be ready in advance,
improving comfort and convenience while saving energy.

Because it uses regular surveillance cameras, our method provides a cost-effective
solution that can be easily integrated into existing vision surveillance systems. However,
vision-based approaches may raise some privacy concerns. We plan to address these
concerns by: (1) employing face blurring methods to conceal faces; (2) implementing 3D
positioning and trajectory reconstruction locally, uploading only the 3D trajectory infor-
mation to the energy management system; and (3) employing network security protection
technologies like firewalls to prevent illegal access to vision data. We also plan to conduct a
deeper study on protecting occupants’ privacy in vision-based surveillance systems in the
future, continually improving our approach to address evolving privacy challenges.

5. Conclusions

In this paper, we propose a low-cost system for 3D occupant positioning and trajectory
reconstruction. Compared with previous algorithms, the proposed system does not require
the construction of large-scale models in advance, as with 3D point cloud maps or BIM,
and it does not need special cameras. This proposed system could be easily and directly
integrated into existing vision surveillance systems at a very low cost, further promoting
the development of intelligent building energy management technology.

There are some limitations in our proposed system. Our system is based on surveil-
lance cameras, which may raise privacy concerns. Our system requires a cumbersome
camera calibration process to obtain the intrinsic and extrinsic camera parameters. The
field of view of a single surveillance camera is limited, which limits our 3D positioning
and trajectory reconstruction area. In the future, we plan to address these limitations by
employing technologies to protect privacy, introducing a more convenient calibration algo-
rithm, and combining surveillance cameras in different rooms to calculate the 3D positions
and trajectories of occupants in the entire building.
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