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Abstract—Camera-based activity monitoring systems are becoming an attractive solution for smart building applica-
tions with the advances in computer vision and edge computing technologies. In this article, we present a feasibility
study and systematic analysis of a camera-based indoor localization and multiperson tracking system implemented on
edge computing devices within a large indoor space. To this end, we deployed an end-to-end edge computing pipeline that
utilizes multiple cameras to achieve localization, body orientation estimation, and tracking of multiple individuals within
a large therapeutic space spanning 1700 m2, all while maintaining a strong focus on preserving privacy. Our pipeline con-
sists of 39 edge computing camera systems equipped with tensor processing units (TPUs) placed in the indoor space’s
ceiling. To ensure the privacy of individuals, a real-time multiperson pose estimation algorithm runs on the TPU of the
computing camera system. This algorithm extracts poses and bounding boxes, which are utilized for indoor localization,
body orientation estimation, and multiperson tracking. Our pipeline demonstrated an average localization error of 1.41 m,
a multiple-object tracking accuracy score of 88.6%, and a mean absolute body orientation error of 29◦. These results show
that localization and tracking of individuals in a large indoor space is feasible even with the privacy constrains.

Index Terms—Body orientation estimation, cloud computing, computer vision, edge computing, indoor localization,
multiperson tracking.

I. INTRODUCTION

INDOOR localization and tracking is an active research area
to support various applications, such as smart hospitals [1],
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[2], smart offices [3], or customer analysis in shopping mall [4].
A wide range of sensors have been used to simultaneously detect
the whereabouts and movement of multiple people in indoor
spaces over the past two decades, including radio-frequency
identification [5], infrared [6], WiFi [7], and Bluetooth [8].
Recent advances in multiperson pose estimation [9], [10] and
tracking have led to the use of cameras to monitor indoor
activities [11], [12], and vision-based approaches have proven
to be very effective in capturing accurate and detailed move-
ments continuously over time. However, most studies have only
examined a few cameras in small rooms and have not studied
a system that integrates localization, tracking, and body orien-
tation estimation techniques in a large indoor space required to
understand fine-grained activities comprehensively [1], [13],
[14]. Advancements in edge computing now allow for low-cost,
powerful devices to monitor activity in existing buildings [15],
[16], [17].

In this work, we present a feasibility study and systematic
analysis of a camera-based indoor localization and tracking
system to monitor multiple people across a wide indoor space
using an edge computing framework. To carry out this study,
we deployed a multicamera edge computing pipeline designed
to estimate locations, track individuals, and ascertain their body
orientations in a vast therapeutic indoor space with a strong
emphasis on safeguarding privacy. We deployed 39 cameras
sparsely positioned throughout a large indoor space spanning
1700 m2, which contains diverse functional areas, such as a
gym, library, and kitchen. These cameras were connected to
edge computing units, specifically Raspberry Pi v4 B devices.
We adopted a real-time processing approach using Google Coral
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Fig. 1. Space usage in the study space.

tensor processing units (TPUs) connected to the edge comput-
ing units. These TPUs automatically process raw color frames
obtained from the cameras to detect 2-D poses (as described
in [18]). This information is then used to estimate the posi-
tions and orientations of people within the indoor space, and
the original raw frames are discarded. The estimated positions
and orientations from all the cameras are combined to track
the movement of individuals. Using our camera infrastructure,
we aim to provide a comprehensive analysis of the camera
installation and its relations with the performance of our system
in various activity scenarios. We expect this work to provide
practical guidelines for practitioners when installing a multiview
camera-based activity monitoring system using edge computing
frameworks in existing facilities.

II. METHOD AND MATERIALS

A. Study Site

Our site was designed to promote the involvement of older
adults in a range of therapeutic activities, including physical
exercise and memory training. It also provides opportunities
for social interaction, such as shared meals and comfortable
lounge areas. The study site consists of diverse functional re-
gions, as shown in Fig. 1. The activity area (A) encompasses
both the activity studio and gym, promoting physical exercise.
The kitchen (B) covers the upper corridor between the dining
area’s right boundary and the conversation room’s left boundary,
encouraging independent cooking activities. The left corridor
(C) runs alongside a room called the innovation accelerator,
whereas the right corridor (E) is situated next to the lockers,
to the left of the innovation theater. The lounge (D) extends
from the elevator area to the front door, and the staff area (F)
comprises the section on the building’s right side, where staff
offices are located.

B. Distributed Camera Network Using Edge Computing

1) Camera Configuration: Fig. 2(a) shows the locations
(blue) of 39 low-cost (< $500) edge computing and camera
devices [see Fig. 2(b)] and their viewpoints (red). These cameras
effectively provide coverage over the entire study site where
subjects have consented to have their activities monitored. The
cameras along with the edge devices were placed in the ceiling
of the indoor environment away from the direct line of sight

Fig. 2. Cameras installation in the study site. (a) In total, 39 camera
sensors (Sony IMX219 8-megapixel sensor; blue) are installed with the
field-of-view (red) covering the entire indoor space. (b) Raspberry Pi 4 is
installed with Google Coral TPU USB Accelerator to run deep learning-
based 2-D pose estimation models in real time. (c) Example of camera
installation in the ceiling. Raspberry Pi 4 is hidden in the ceiling and
connected to the nearest network and power sources.

of visitors to prevent them from feeling overly self-conscious,
as shown in Fig. 2(c). These edge devices were connected to
the closest available power and network sources in the ceiling
through universal serial bus type-C (USB-C) power cable and
Ethernet cable for data transfer. Depending on the availability of
power and network sources, some locations, such as kitchen or
staff areas, are covered by multiple cameras, and other locations,
such as long corridors, are covered by a single or two cameras.
The cameras installed above visitors’ eyesight make it easier for
visitors to comply with the proposed instrumentation of cameras
for activity monitoring.

2) Secure Computing Network Architecture: The complete
computing setup comprises four key components: the offsite
cloud server, the onsite fog server, the edge computing network
infrastructure, and the array of 39 edge computing camera
devices. Here, onsite and offsite servers refer to servers that are
physically present in the study site and servers places outside
of the study site, respectively. This configuration is shown in
Fig. 3.

Real-time estimation of 2-D poses, composed of 17 keypoints
following the MS COCO format [19], and bounding boxes oc-
curs at a frame rate of 1 Hz using the TPU on the edge computing
device. Bounding box images are temporarily retained on the
onsite fog computing node for up to one hour to facilitate body
orientation estimation. They are then discarded. The raw frames
are immediately discarded from the edge computing device after
the 2-D poses are extracted and do not get sent to the onsite
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Fig. 3. Computing network architecture and data management in our study.

Fig. 4. Overall diagram of the proposed activity monitoring system. From each camera, the location and orientation of multiperson poses are
projected into the study space’s 2-D coordinates. While visitors spend time in the study space, samples from multiple views are integrated and
tracked.

fog server. This ensures privacy of individuals in the study site
and prevents the capture, storage, or transmission of sensitive
or identifiable information, such as faces or nudity. The 2-D
poses and body orientations of a single day, specifically from
8 A.M. to 7 P.M., are stored on the fog server and these data
are routinely synchronized with the offsite cloud server during
the night, typically between 12 A.M. and 7 A.M. The duration
of the nightly synchronization can change depending on the
volume of data collected during the day. It is worth noting that
the fog server complies with the Health Insurance Portability
and Accountability Act regulations.

C. Monitoring Movement in Built-in Environment

1) Overall Pipeline: The overall approach for multiview mul-
tiperson tracking using the abovementioned computing and
camera infrastructure is shown in Fig. 4. Using the 2-D poses
and human bounding boxes, each person’s location and body
orientation is estimated and projected on a 2-D coordinate
system representing the study space. Multiview integration then
resolves duplicate detections across cameras from overlapping
views by combining samples from 39 cameras. Lastly, a multi-
person tracking algorithm [20] is used to track people from the
combined location and orientation samples.

2) Preprocessing 2-D Poses: The 2-D poses estimated by
the edge computing systems undergo a preprocessing step
to eliminate noisy data. We identified two primary issues in
the poses detected by the pose detection model [18]: nonhu-
man poses and temporal inconsistencies. The model occasion-
ally misinterprets patterns on the walls and floor as human
poses due to its overhead camera perspective. These nonhuman
poses remain static over time and show minimal pose changes.

Consequently, we identify and remove these false positives
(nonhuman samples) by examining subsequent frames for
nearzero pose changes. The second issue relates to the lack of
temporal consistency in 2-D poses because the model estimates
poses frame-by-frame. Some poses exhibit discrepancies, such
as left and right sides being flipped or even missing entirely
between frames (false negatives). To address this, we implement
temporal smoothing using a Kalman filter-based approach to
reduce noise and fill in missing pose detections [21], [22].

3) Indoor Localization: Our indoor localization technique is
designed to determine the positions of individuals within the
study site using a 2-D coordinate system that represents the
layout of the site, which we call the study site coordinate system.
This is achieved by utilizing the 2-D poses detected from each
camera. In our approach, we define the location of a person
within a frame as the midpoint between their left and right
feet. Given that the floor in our study area is uniformly flat,
all individuals detected in a frame are assumed to be on the
same plane. To enable this localization, we derive a perspec-
tive transformation matrix M ∈ R3×3. This matrix serves to
project the foot locations from the 2-D camera space to the
corresponding floor positions within the study site coordinate
system [12], [23]. The process for obtaining this transformation
matrix M is carried out manually for each camera by aligning
four corresponding points in both the 2-D camera space and the
study space coordinate system.

4) Body Orientation Estimation: Starting with the human
bounding boxes obtained from 2-D pose detection models, we
extract the chest-facing direction of each individual within the
transverse plane. This orientation is subsequently translated into
the study space coordinate system. To estimate the chest-facing
direction from a human bounding box image, we employ a deep
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Fig. 5. Multiview integration of duplicated samples from multiple cameras having overlapping views. We first generate a graph, in which vertices
are all samples from all cameras. Then, the edges are created for samples from different cameras that are close together (within 1.5 m) (left-hand
side, red). The connected components are then integrated as a single sample potentially representing the true location and orientation of the person
in the study space (right-hand side, magenta).

learning-based method for body orientation estimation [24].
Here, we define a human bounding box as a tightly enclosed
square region that encompasses a detected 2-D pose from the
edge computing systems. The resultant estimate of the chest
orientation is represented as a 2-D chest vector on the transverse
plane. This 2-D chest vector, initially defined in camera space,
is then transformed into a 2-D orientation in the study site
coordinate system, denoted as �vtworld = Rcamera→world�v

t
world. The

rotation matrices, Rcamera→world, are manually determined for
each camera based on the direction in which the camera is
facing within the study site, with north serving as the reference
orientation.

5) Multiview Integration: To eliminate duplicated samples
that may occur due to overlapping camera fields-of-view, we
adopt a method that involves detecting people across multiple
cameras and consolidating these detections into a single sample,
potentially representing the person’s actual location, as illus-
trated in Fig. 5. To identify duplicate detections, we construct a
graph, denoted as G = (V,E). In this graph, the vertices, rep-
resented as V = {vci = (x, y)|c = 1, . . . , 39, i = 1, . . .}, cor-
respond to the locations of samples from all 39 cameras. The
edges, denoted asE = {vcivc′j | c �= c′}, signify the connections
between samples from different cameras that are sufficiently
close in distance. We assume that duplicates originate from the
same person captured by different cameras if their Euclidean dis-
tance is within ‖vci − vc′j‖2 ≤ 1.5 m. This threshold takes into
account the potential errors in our localization technique. While
variations may occur due to lens distortions, which can lead to
discrepancies in the perspective transformations, our empirical
findings suggest that a margin of 1.5 m is adequate [25].

Once the graph G is established, duplicate samples are identi-
fied as connected components (CC) within the graph, following
principles from graph theory [26]. The integration of duplicate
sample locations considers the distance of cameras from the
detected sample. More precisely, during the integration of dupli-
cated samples, a penalty is applied when the distance between
the estimated person’s location and the camera is substantial.
This approach acknowledges the strong correlation between

localization errors and the distance between the camera and
the target person in our analysis. This is represented by the
following:

L =
∑

CC

1
dci

vci. (1)

Here, L denotes the integrated sample location, and dci = ‖lc −
vci‖2

2 signifies the Euclidean distance between the sample, vci,
and the camera, lc.

Similarly, the orientation of the duplicated samples is in-
tegrated for the vertices within the CC, taking camera dis-
tances into account. This multiview integration process results
in unique locations, denoted as L = [lx, ly], and orientation
vectors, o = [ox, oy] for each person at each time step.

6) Multiperson Tracking: We implement Kalman filter-based
tracking for the locations denoted asL = [lx, ly] and the orienta-
tion vector represented by O = [ox, oy]. This approach assumes
that people’s facing orientation closely follows their walking
direction [27] and can be expressed as follows:

Ot = Ot−1 + w · L̇t−1 + dt · Ȯt−1. (2)

Here, the parameter w = 0.1 acts as a weighting factor for the
influence of the movement direction (or velocity) on the current
orientation, and dt denotes the time interval between frames,
which is set at 1 s. To further enhance tracking performance,
we apply Rauch–Tung–Striebel smoothing to completed tracks,
which takes into account temporal dynamics across the entire
trajectory of a person.

D. Benchmark Data Collection

In order to methodically assess the effectiveness of our system
for localization, body orientation estimation, and tracking, we
created an annotated dataset. This dataset features four to five
individuals moving and interacting within the study site. The
benchmark dataset encompasses scenarios where people are 1)
walking together, 2) walking past each other, or 3) conversing in
place while adjusting their facing orientations. We marked the
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Fig. 6. Benchmark data collection. We selected the group formations in order to simulate realistic scenarios during the study. (a) Four participants
(red) were walking with different formations while collecting the benchmark dataset. Our team has covered nearly all areas of the study site where
visitors spend a majority of their time. (b) Five participants showing more complex movements with occlusions. This was collected in activity area,
shown in (a) A, where most physical activity occurs in our study site. Each person is color-coded with different colors. (c) Overall examples of group
formations taken by participants and camera viewpoints while collecting the benchmark data.

entire area with 1-m intervals to provide ground-truth reference
points. The subjects were instructed to follow predetermined
group formations and designated walking paths. As the individ-
uals moved within the space, an observer recorded the time and
location of each subject at 1-s intervals. In addition, the observer
manually annotated the body orientation of the subjects, using
the north direction (as indicated by the upper side of Fig. 1) as
a reference point. Below, we outline the three distinct datasets
we generated to capture various activities within the space.

1) Four People Walking Around Entire Space: In the first
benchmark dataset, we had four individuals moving throughout
the study site. To ensure that our dataset encompasses realistic
use cases for visitors in the study site, we carefully selected
locations and paths, as depicted in Fig. 6. These areas were
of particular interest for tracking behaviors within the study
space [see Fig. 6(a)]. These locations included spaces frequently
used by visitors for activities, such as dining, kitchen usage,
physical exercises, relaxation, and staff zones (see Fig. 1), where
participants had given their consent to be recorded.

For annotation purposes, we utilized the closest 1-m markers
as the ground-truth reference points for the subjects while they
were walking. This level of detail was sufficient to account for
variations in foot size and stride length among the participants.
As the subjects walked, we introduced changes in their group
formation to simulate realistic movement patterns within the
space [see Fig. 6(c)]. In wider corridors, we arranged two or
three people to walk side-by-side, whereas in narrower corridors,
multiple subjects proceeded in straight lines. This approach
allowed us to assess the impact of occlusions, where subjects
might not be visible from certain camera viewpoints.

2) Five People Walking Past Each Other: As depicted in
Fig. 6(b), we recreated a scenario in the activity area where
multiple individuals walked toward one another and passed by
each other, a situation that often results in occlusions. Such
occlusions are common during activities, such as dancing or
group exercises.

3) Five People Changing Orientations in Place: During
group conversations, individuals often remain seated or stand

stationary, adjusting their facing directions to interact. In this
dataset, we focused on situations where people made subtle
changes in their facing orientation while staying in one spot, as
shown in Fig. 7. We conducted this dataset in three sessions,
starting with a smaller social group of two participants and
gradually increasing it to five. In this context, a social group
refers to people engaging in active communication within a
distance of less than 2 m, taking into account pandemic-related
social distancing guidelines. Participants followed instructions
to gradually modify their facing direction as part of the data
collection process.

E. Evaluating Multiperson Tracking and Localization

We assess the performance of our activity monitoring system
by examining its localization, tracking, and body orientation
estimation capabilities, following established evaluation meth-
ods [24], [28]. Since there is not a singular metric for evaluating
multiperson tracking methods, we employ a set of metrics to
comprehensively evaluate the proposed system [29]. In the eval-
uation, metrics denoted by ↑ indicate better performance when
higher, whereas those marked with ↓ signify better performance
when lower.

1) Multi-object tracking accuracy (MOTA) ↑ combines
three kinds of error sources, which are false positives,
missed targets, and identity switches.

2) ID F1 score (IDF1) ↑ is the ratio of correctly identified
detections over the average number of ground-truth and
computed detections.

3) Mostly tracked (MT) targets ↑ measures the ratio of
ground-truth trajectories that are covered by a track
hypothesis for at least 80% of their respective life span.

4) Mostly lost (ML) targets ↓ measures the ratio of ground-
truth trajectories that are covered by a track hypothesis
for at most 20% of their respective life span.

5) False positives rate (FPR) ↓ measures the average num-
ber of false alarms per frame.
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Fig. 7. Data collection when people make orientation changes while standing. We capture three sessions from different locations in the activity
area, with different sizes of social groups. The first session had two social groups with two and three members, the second session had one
social group with four members, and the third session had one social group with five members. Participants were instructed to change their facing
directions during conversations.

6) False negative rates (FNRs) ↓ measures the average
number of missed targets per frame.

7) Recall (Rcll) ↑ measures the ratio of correct detections
to the total number of ground-truth locations.

8) Precision (Prcn) ↑ measures the number of detected
objects over the sum of detected and false positives.

9) ID switch ratio (IDSR) ↓ measures the number of ID
switches (IDS) over Rcll.

10) Fragmentation (Frag) ↓ measures the total number of
times a trajectory is fragmented, which are interruptions
during tracking.

In particular, we assess the system’s performance using the
MOTA metric, defined as follows:

MOTA = 1 −
∑

t FNt + FPt + IDSt∑
t GTt

. (3)

Here, FNt, FPt, IDSt, and GTt represent false negatives (missed
detections), false positives, IDS, and ground truths at time t,
respectively.

An essential evaluation that precedes tracking is detection.
Here, we define a ground-truth target at time t as “detected” if
the estimated sample location falls within a 1.5-m Euclidean
distance. Otherwise, the target is considered “missed.” The
choice of a 1.5-m threshold is based on the observation that
people typically walk at speeds below 1.42 m/s in everyday
situations [30], [31], [32]. To showcase the accuracy of the
estimated sample locations, we also report the multiple object
tracking precision (MOTP)

MOTP =

∑
i,t d

i
t∑

t ct
. (4)

Here, dit represents the Euclidean distance between the ith
detected ground-truth sample and the estimated sample, and ct

is the number of detections at time t. In simpler terms, MOTP
provides the average Euclidean distance error for the detected
samples, indicating the system’s ability to estimate the precise
location of target samples, independent of tracking trajectories
or IDS.

F. Evaluating Body Orientation Estimation

Consistent with previous definitions of body orientation found
in earlier works [24], [33], [34], we represent human orienta-
tion, denoted as θ, within the range of [0◦, 360◦). This angle
corresponds to the direction in which the chest is facing in the
study site coordinate system. The north (top) direction serves
as the reference point, with clockwise rotation applied. For the
assessment of body orientation, we utilize two metrics as also
employed in previous studies [24], given in the following.

1) Mean absolute error (MAE) of angular distance: This
metric quantifies the average absolute angular difference
between predicted and ground-truth orientations.

2) Accuracy-X◦: Accuracy-X◦ is defined as the proportion
of predictions falling within a deviation of X◦ compared
with the ground-truth orientation. By considering differ-
ent values of X within the range of [0◦, 180◦], this met-
ric provides a fine-grained measure of model accuracy.
Specifically, we evaluate accuracy-X◦ for a set of X val-
ues including X ∈ {5◦, 15◦, 22.5◦, 30◦, 45◦, 90◦} [24].

G. Impact of Camera Installation

We conducted a quantitative analysis to delve deeper into
the influence of camera placement on four distinct factors that
impact the performance of our system, as illustrated in Fig. 8.
In particular, we aim to establish the correlation between the
subjects’ positions and facing orientations as captured within
the video frames of each camera, and how these aspects affect
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Fig. 8. Analyzing the impact of camera installation with respect to four aspects. (a) Distance between the camera and the person in the space.
(b) Person’s facing direction away from the camera. (c) Horizontal angle of the captured person from the camera center. (d) Vertical angle of the
captured person’s feet location from camera center. The horizontal angle (c; θ◦H ) and vertical angle (d; θ◦V ;) are normalized by horizontal (θ◦HFOV

)
and vertical (θ◦VFOV

) field-of-view angles, respectively, referring to the camera datasheet (Sony IMX219 8-megapixel sensor).

the accuracy of both localization and body orientation estima-
tion. This analytical approach sheds light on the error budget
arising from per-camera indoor localization (see Section II-C3)
and body orientation estimation (see Section II-C4), ultimately
contributing to our understanding of the overall system perfor-
mance.

1) Distance Between Camera and Person: For all cameras,
we assessed the distance between individuals captured in re-
lation to the camera’s center, as depicted in Fig. 8(a). This
distance measurement is instrumental in evaluating the impact
on localization and orientation errors.

2) Facing Angle With Respect to Camera Viewpoint: We
gathered data on the extent to which the facing directions of
individuals deviate from the camera viewpoints, as visualized in
Fig. 8(b). Subsequently, we performed a correlation analysis
to assess the relationship between these deviations and the
associated localization and orientation errors.

3) Horizontal Displacement From Camera Center: We stud-
ied the impact of the horizontal displacement of individuals from
the camera center, as illustrated in Fig. 8(c). To quantify this
horizontal displacement, we introduced a normalized horizontal
angle, denoted as θ◦H/θ◦HFOV

, where θ◦H represents the horizontal
angle of the person from the camera center, and θ◦HFOV

is the
horizontal field-of-view.

When a person moves closer to the horizontal center of
the camera, the normalized horizontal angle approaches zero.
Conversely, it increases to a value of 1 when the person reaches
the edge of the frame. If the value exceeds 1, it indicates that
only a portion of the person’s body is visible within the camera’s
field-of-view. We explore how localization and orientation errors
are influenced by the degree of horizontal displacement.

4) Vertical Displacement From Camera Center: We investi-
gated the impact of vertical displacement of an individual from
the camera center, as indicated in Fig. 8(d). To measure this
vertical displacement, we introduced a normalized vertical angle
denoted as θ◦V /θ

◦
VFOV

. Here, θ◦V represents the vertical angle
at which the person is captured from the camera center, and
θ◦VFOV

is the vertical field-of-view, which is obtained from the
camera datasheet. We specifically focused on the foot location

as a reference point to calculate the normalized vertical angle.
When a person is closer to the camera, the normalized vertical
angle increases, and only the upper body is partially visible
in the camera frame due to the limited vertical field-of-view.
Conversely, as the person moves away from the camera, the
normalized vertical angle decreases, allowing for the full body
to be captured within the field-of-view. However, this comes at
the cost of increased distance between the camera and the person.
We examined how changes in localization and orientation errors
are influenced by the vertical displacement of the captured
individual.

III. RESULTS

A. Multiperson Tracking and Localization

1) Four People Walking Around Entire Space: In this sec-
tion, we present the system’s overall performance when four
people walk together throughout the entire study site. The results
of multiperson tracking and localization are depicted in Fig. 9,
and detailed in Table I, where each functional area is assessed
individually. It is worth noting that different locations within
the study site have varying sizes of the captured area (as shown
in the second column of Table I) and a different number of
cameras (as indicated in the third column of Table I), all of which
captured 85% of the samples. The overall MOTA score stands at
62.9%, and the localization performance, measured by MOTP, is
1.41 m. These results indicate that our system achieved accurate
localization and tracking in over 60% of cases, taking into
account false positives, false negatives, and identity switches.
A more detailed analysis of the impact of camera installation on
localization accuracy is provided in Section III-C.

2) Five People Walking Past Each Other: Both qualitative
and quantitative outcomes are presented in Fig. 9(b) and in
the last row of Table I, respectively. Despite the challenging
scenarios, the system demonstrated robust performance when
individuals were passing by each other. The MOTA score, MOTP
score, and IDF1 reached 79.8%, 1.44 m, and 70%, respectively,
indicating strong performance with minimal ID switch errors in
situations where people were crossing paths.
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Fig. 9. Qualitative results of multiperson tracking. (a) Four people walking around the study site following Fig. 6(a). The reds are ground truth and
blues are predicted location of people. (b) Five people walking in a complex pattern. Ground-truth trajectories are shown in colored lines with arrows
indicating walking directions, whereas predicted trajectories are shown in black lines.

TABLE I
MULTI-OBJECT LOCALIZATION AND TRACKING PERFORMANCE AT EACH REGION IN THE STUDY SITE WHEN FOUR PARTICIPANTS WALKED AROUND

TABLE II
BODY ORIENTATION ESTIMATION PERFORMANCE

B. Body Orientation Estimation

The results of body orientation estimation are provided in
Table II. Our evaluations encompass scenarios involving four
individuals walking across the entire space and five individuals
passing by each other in the activity area. In addition, we
conducted assessments of body orientation for a scenario in

which five individuals remained stationary while altering their
orientations within different group formations.

1) Four People Walking Around Entire Space: During the
walking scenario with four participants, the overall MAE in
body orientation estimation was 28.97◦, and the accuracy within
a 45◦ margin reached 78.9%, as indicated in the seventh row
of Table II. Further examination of the correlation between
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Fig. 10. Localization and orientation errors regarding camera installation. Each of the aspects is associated with localization (first row) and
orientation estimation (second row) errors in each sample. The correlation plot shows denser samples with blue.

camera installation and body orientation estimation is presented
in Section III-C.

2) Five People Walking Past Each Other: In situations
where individuals were walking closely past each other, our
body-orientation estimation technique faced challenges due to
the presence of multiple people with different orientations cap-
tured within the same human bounding box. As illustrated in
the eighth row of Table II, this posed difficulties, resulting in a
high MAE of 48.33◦ and a lower accuracy within a 45◦ margin
(62.9%).

3) Five People Changing Orientations in Place: The final
four rows in Table II present the estimation performance when
an individual remains stationary but rotates their orientation.
In this scenario, the overall performance indicated an MAE of
63.40◦.

C. Impact of Parameters of Camera Installation

In Fig. 10, a Pearson correlation analysis is presented,
highlighting the relationship between each factor from Fig. 8
and localization and orientation errors. In the figure, areas
with denser samples are represented in a deeper shade of
blue.

1) Distance Between Camera and Person: In Fig. 10, in the
first column, a strong positive correlation is evident between
the localization error (first row) and the camera distance, espe-
cially when the distance exceeds 20 m (R = 0.823, p < 0.005).
Similarly, the orientation error (first column, second row) also
exhibits a positive correlation with an increase in the distance
between the captured individual and the camera (R = 0.335,
p < 0.005).

2) Facing Angle With Respect to Camera Viewpoint: In
Fig. 10, the second column, a strong positive correlation is

observed between the facing angle concerning the camera view-
point and both localization (R = 0.375, p < 0.005) and body
orientation estimation (R = 0.436, p < 0.005) errors.

3) Horizontal Displacement From Camera Center: In
Fig. 10, in the third column, it is evident that the localization
and body orientation estimation errors displayed significant
increases, with strong positive correlations, as the captured
individual moved away from the horizontal center. The
correlation coefficients for localization and body orientation
estimation errors were R = 0.681 and R = 0.467, respectively,
both with p < 0.005.

4) Vertical Displacement From Camera Center: As the indi-
vidual moved closer to the vertical camera center, there was
a notable reduction in both the localization and orientation
estimation errors. This decrease in errors can be attributed to
the increased coverage of more body parts within the camera’s
field-of-view. This relationship was marked by strong negative
correlations, with correlation coefficients of R = −0.495 for
localization and R = −0.317 for orientation estimation, both
with p < 0.005.

IV. DISCUSSION

Our experiment results demonstrated the possibility of using
edge computing devices and cameras to continuously monitor
fine-grained activities across large indoor spaces.

A. Multiperson Tracking and Localization

1) Four People Walking Around Entire Space: The evalua-
tions show that the proposed model consistently tracks individu-
als throughout the sequence as long as they are initially detected.
Furthermore, the system exhibits an ability to handle a certain
degree of missing detections (false negatives) arising from the
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limitations of the multiperson pose detection model on edge
computing systems. To run the pose detection model in real time
on an edge computing system, which is a resource-constrained
device, we are currently using a model that is specifically tailored
to emphasize efficiency over performance compared to the state-
of-the-art models [10]. This emphasis on efficiency is reflected
in the system’s high Prcn (93.48%), high MT (1.83), and low ML
(0.33). The overall performance of localization remains within
a reasonable error range, given our tracking rate of 1 Hz, which
is adequate considering that people typically walk at a rate of
1.42 m/s in everyday activities [30], [31], [32]. In addition, the
Prcn of our ground-truth annotations includes a margin of 1-m
error since participants’ locations were recorded as the nearest
1-m interval marker in the space.

The model’s performance exhibited variations based on the
regions within the study space. In the activity area (A), where
most physical activities occur, the MOTA score was 88.63%,
with a MOTP of 1.38 m, high Prcn (95.6%), and Rcll (93.62%),
which are sufficient for detecting, tracking, and understanding
group activities and space usage behavior in this area. In the
activity area (A), seven cameras were tracking movements,
emphasizing the importance of multiview cameras in noisy de-
tection scenarios. The overlapping viewpoints of these cameras
facilitated capturing people from various angles, including the
front, back, and sides during walking, as demonstrated in Fig. 2.

On the other hand, lower MOTA scores were observed in
regions with only a few cameras covering a wide capture
space. Specifically, the kitchen, left corridor, and right corridor
recorded MOTA scores of 67.16%, 54.53%, and 60.25%, with
corresponding MOTP values of 1.48, 1.92, and 1.75 m, respec-
tively. These regions featured long corridors with dimensions
of 24 m × 3 m, 33 m × 2 m, and 33 m × 1.5 m, respectively.
The limited camera coverage for these regions, and capturing
individuals from a distance, led to challenges related to occlusion
and pose detection. The small pixel region allocated for each
person resulted in elevated FNRs of 1.01, 1.53, and 1.56, re-
spectively. Nonetheless, our system exhibited consistently high
Prcn (95.6%, 91.3%, 100%) in these regions, indicating that the
detected objects were predominantly accurately localized.

The staff zone is equipped with four cameras positioned to
capture movements from the sides (left and right) while walk-
ing. The size of the staff zone, which measures 14 m × 3 m,
is the smallest among all areas, leading to cameras capturing
individuals at closer distances. As a result, this area achieved a
higher MOTA score of 73.47% and had a lower MOTP score
of 1.11 m and reduced FNRs of 0.40 compared with other
areas. Conversely, the lounge area only features a single camera
covering the entire space and exhibited the lowest performance,
with a MOTA score of 33.44%. This was primarily attributed to
the lack of power and network resources near the lounge area,
limiting the use of a single camera for coverage. In addition,
occlusions from the front desk, chairs, and other objects in the
lounge further impacted the tracking accuracy. In summary, our
experimental results highlight the importance of multiview cam-
eras positioned at closer distances to individuals. These factors
are essential for addressing challenges associated with noisy
pose estimations in edge computing devices, ultimately leading
to lower MOTP scores and improved MOTA performance.

2) Five People Walking Past Each Other: Our findings indi-
cate that employing four multiview cameras to capture activities

from different perspectives can help mitigate occlusions when
individuals are in motion, even in the presence of noisy or
missing pose estimations.

B. Body Orientation Estimation

1) Four People Walking Around Entire Space: The body-
orientation estimation performance reliably distinguished be-
tween eight orientations (N, NE, E, SE, S, SW, W, and NW).
However, the performance of orientation estimation varied de-
pending on the size of the captured area and the overlap between
multiview cameras. In the activity area, which had seven cameras
capturing views from different angles, the orientation estimation
errors were relatively low, with an MAE of 25.91° (see Table II,
first row). The staff zone, equipped with four cameras provid-
ing overlapping views and close proximity to individuals, also
exhibited lower MAE (32.41°) (see Table II, sixth row).

Surprisingly, the left and right corridors, despite having low
MOTA scores, demonstrated low-orientation estimation errors
with MAEs of 21.68° and 32.41°, respectively (see Table II, third
and fifth rows). These areas faced challenges in localization
and tracking due to fewer cameras covering long and narrow
distances. When estimating body orientations, the narrow width
of the corridors made people tend to face forward or opposite to
the camera viewpoints when they move, making it easier for the
model to estimate body orientations. In contrast, the lounge area,
covered by a single camera and experiencing occlusions from
objects, found it challenging to identify body orientations. This
resulted in a higher MAE of 47.37° and lower accuracy-45°
of 55.4% (see Table II, fourth row). Overall, the placement
of cameras is dependent on the space’s structural character-
istics. Fewer cameras (1 or 2) suffice for narrow corridors
to capture linear movements, while open spaces benefit from
multiview cameras to account for complex and unrestricted
wandering.

2) Five People Walking Past Each Other: The body orien-
tation estimation model struggled with occlusions when people
were close to each other. However, it still managed to achieve an
accuracy-90° score of 81.4%. This indicates that our model can
reliably identify the four cardinal directions (N, E, S, and W)
even when people are in close proximity to each other and chang-
ing group formations dynamically. These insights establish a
foundation for analyzing group activities in crowded areas, as
successful group activity analysis necessitates the identification
of group formations and facing directions during movement.

3) Five People Changing Orientations in Place: In this sce-
nario, our model was capable of identifying the four cardinal
directions (N, E, S, and W) with a minimum accuracy of 69.3%
(Acc.-90°). Similar to the previous experiment, the primary
source of error was occlusions between people who were in close
proximity, resulting in multiple individuals being captured in a
single human bounding box. In addition, our body orientation
estimation model struggled to detect subtle changes in facing
direction (approximately 5°–10°) between consecutive frames,
as it estimates orientations frame by frame. This indicates that
our model performed better when individuals were walking,
as our multiperson tracking method updated the orientation
information based on their movement directions.

The accuracy of each session varied based on the number of
cameras and the size of the areas they covered. In Session 1 (see
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Table II, ninth row), which was covered by three cameras and
had a space of 55 m2, the MAE was 73.7◦. It is worth noting
that the samples in this session consisted of smaller groups with
only two or three members. Session 2 (see Table II, tenth row)
had a slightly lower MAE of 65.2◦. In this session, group sizes
were larger (four members), but the covered area was smaller
(28 m2) than in Session 1. This demonstrates the significance
of multiview cameras for improved accuracy. Session 3 (see
Table II, 11th row) was particularly noteworthy, as it had the
lowest MAE (50.4◦) among all three sessions. Despite having
a larger social group of five people, the capture space was
only 15 m2, and there were four cameras available, highlighting
the importance of smaller areas and more cameras for better
performance.

C. Impact of Parameters of Camera Installation

1) Distance Between Camera and Person: The majority of
our samples exhibited localization errors within approximately
2 m and orientation errors within 25◦ when the distance between
the person and the camera was less than 15 m. This observation
highlights that for the edge computing cameras, the portion of
pixels corresponding to a person significantly diminishes as the
person moves beyond 15 m. The models faced more challenges
when individuals obscured each other, making it appear as if
multiple people were a single person when viewed from a
distance. In addition, the pose estimation models often strug-
gled to distinguish between frontal and rear views of a person,
particularly when the person was positioned over 20 m away
from the camera, resulting in distorted keypoint predictions.

2) Facing Angle With Respect to Camera Viewpoint: The
orientation at which the captured person was facing had a
pronounced influence on the accuracy of both localization and
body orientation estimation. Facing angles within 50◦ of the
camera’s line-of-sight was identified as pivotal in achieving a
localization error of less than 2 m and a body orientation error
of less than 25◦. The 2-D pose estimation model exhibited its
optimal performance when the person was facing the camera
directly, resulting in more confident estimations.

3) Horizontal Displacement From Camera Center: To
achieve a localization error of less than 2 m and an orientation
error of less than 25◦, it is essential that a person is within 30%
of the horizontal field-of-view. When a person is captured too
close to the frame boundaries, the lens distortion in the edge
computing camera disrupts the planar assumption of the floor,
leading to a degradation in the perspective transformation (as
discussed in Section II-C3). This disruption significantly in-
creases the localization error. In addition, when subjects are only
partially within the frame boundaries, the orientation estimation
error also escalates.

4) Vertical Displacement From Camera Center: As illus-
trated in Fig. 10 (fourth column), our edge computing camera
module exhibited limitations when it came to capturing the
foot locations of individuals with θ◦V /θ

◦
VFOV

≥ 0.8 normalized
vertical angle. In such cases, the pose estimation model failed to
detect the person. On the contrary, when the value of θ◦V /θ

◦
VFOV

approached zero, both localization and body orientation errors
showed a significant increase, primarily due to the greater dis-
tance between the captured person and the camera. The optimal

range for the normalized vertical angle was found to be between
0.05 ≤ θ◦V /θ

◦
VFOV

≤ 0.2. This corresponds to distances ranging
from approximately 6 to 23 m between the captured person and
the camera. This observation aligns with the conclusions drawn
from the analysis of horizontal camera distance discussed earlier.

D. Limitations

We identified structural variances of approximately 1.5 m
compared with the building blueprint, which was used to de-
velop our localization model in Section II-C3. Nevertheless, we
deemed a margin of 2 m for localization error to be acceptable
for effectively tracking participant behavior at our study site in
future applications.

When it comes to annotating body orientation, achieving pre-
cise turns in exact intervals of 5◦–10◦ proved to be challenging
for our participants. However, we consider an error range of up to
45◦ to be reasonable for tracking social interactions during group
activities. The normal horizontal field-of-view of the human eye
is about 135◦, and our system can detect dyadic interactions from
overlapping field-of-view between two people with at most 90◦
margin of error. In our analysis, the MAE for body orientation
was found to be 28.97◦ overall, which falls well within the
acceptable 45◦ margin of error.

The areas that were not covered in our evaluation are filled
with tables, yoga mats, or gym equipment. Future studies will
examine how complex movements and occlusions affect our
tracking and body orientation estimation methods when people
interact with those furniture and equipment. Despite these limi-
tations in our evaluation, the proposed work shows promise as an
initial step toward analyzing complex movements in open spaces
using a privacy-preserving camera-based activity monitoring
system using secure edge computing framework.

E. Future Applications

Clinical Application: Our system allows continuous and ob-
jective assessment of gait, spatial navigation, and group ac-
tivities. Our system can be used to understand behavior and
potentially detect behavioral changes in individuals with various
motor and cognitive impairments [35]. The future work will
further enable a system that may be able to predict falling
episodes in real time, thereby preventing an adverse event, by
directly using 2-D poses from multiview cameras across the
facility [36], [37].

Workspace Design: Social interactions at work, which are
highly correlated with productivity and well-being, are influ-
enced by workplace design [38]. Our system can provide de-
tailed information on socio-spatial formation patterns, such as
space occupancy, behavioral mapping [39], Proxemics (phys-
ical distance between the people) [40], [41], and F-formation
(shape and size of group formation) [42], [43], which allows the
designer to take into account to design the workplace.

V. CONCLUSION

Camera-based movement monitoring systems are gaining
popularity thanks to the progress in edge computing platforms
and computer vision technologies. In this work, we demon-
strated the practicality of employing edge computing cameras
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to localize, estimate body orientations, and track multiple indi-
viduals within a large indoor space while not compromising on
privacy. Our sensing hub leveraged cost-effective edge comput-
ing components, including a Raspberry Pi, its camera module, a
TPU, and a computing infrastructure that can be easily installed
in pre-existing building setups.

In our study, the described system demonstrated highly re-
liable multiperson tracking (62.0%–88.6% MOTA) and body
orientation estimation (29.0◦) across various functional spaces.
For the region with more cameras (7 >), our system could track
people in crowded activities with a higher level of accuracy
(88.6% MOTA). In addition, we anticipate that our compre-
hensive examination of camera installation will offer valuable
insights for individuals interested in implementing our system
to enhance their environments. In our future work, we plan to
increase the camera density based on the insights from our
analysis. We will also assess the viability of tracking social
interactions in more intricate settings, such as those involving
group activities amid furnishings or the use of gym equipment.
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