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ABSTRACT The statistical modeling of extraordinary loads on buildings has been stagnant for decades due to the
laborious and error-prone nature of existing survey methods, such as questionnaires and verbal inquiries. This study
proposes a new vision-based survey method for collecting extraordinary load data by automatically analyzing
surveillance videos. For this purpose, a crowd head tracking framework is developed that integrates crowd head detection
and reidentification models based on convolutional neural networks to obtain head trajectories of the crowd in the survey
area. The crowd head trajectories are then analyzed to extract crowd quantity and velocities, which are the essential
factors for extraordinary loads. For survey areas with frequent crowd movements during temporary events, the equivalent
dynamic load factor can be further estimated using crowd velocity to consider dynamic effects. A crowd quantity
investigation experiment and a crowd walking experiment are conducted to validate the proposed survey method. The
experimental results prove that the proposed survey method is effective and accurate in collecting load data and
reasonable in considering dynamic effects during extraordinary events. The proposed survey method is easy to deploy
and has the potential to collect substantial and reliable extraordinary load data for determining design load on buildings.

KEYWORDS load survey, extraordinary load, live load, object detection, multiple-object tracking

1 Introduction provide a suitable design value based on the model

Designing safe and economical buildings requires reliable
knowledge of live loads. Live loads have two compo-
nents. One is the sustained load, including furniture,
equipment, and normal working personnel, which exists
near-continuously. The other is the extraordinary load
caused by events such as crowding of people or furniture
stacking, which occurs for a short duration and has a
relatively high intensity. Owing to the spatial and
temporal variability of the live load, sustained and
extraordinary loads are modeled as a Poisson square wave
and compound Poisson point processes, respectively
[1-3]. Accordingly, probabilistic live load models can
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parameters obtained from live load surveys.

Over the past several decades, a few live load surveys
have been conducted in different countries [4-9]. Further-
more, continuous progress has been made in sustained
load studies using field survey data. However, the
understanding of extraordinary loads has been hindered
by the scarcity of data. Unlike the data for sustained
loads, which can be obtained by direct measurement at an
arbitrary time, data for extraordinary loads are difficult to
obtain owing to the transient nature of events. Thus, in
earlier studies, the model parameters of the extraordinary
load have been estimated using engineering judgment
with little or no survey data [10-12]. However, it is
essential to determine the number of people and weight of
stacked furniture in areas where extraordinary events
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occur. To provide design load based on observational
data, only a few extraordinary load surveys have been
conducted, and these have relied on questionnaires or
questioning. Paloheimo and Ollila [13] investigated
temporary floor loads due to personnel crowding and
determined the number of persons present during
transient load events. Choi [14] conducted a questionnaire
survey of occupants to collect detailed information about
extraordinary events, including locations, occurrences,
area dimensions, number of people, and weight of stacked
items. Out of the 1989 extraordinary events studied, only
54 were furniture stacking events, and the vast majority
were crowding events [15]. Andam [16] obtained
extraordinary load data in residences by questioning the
tenants regarding the unusually large number of visitors
to their homes in the last five years and the visitor
frequency. However, questionnaire and questioning me-
thods rely on the subjective understanding of occupants
and are liable to errors [17], especially for areas with
frequent crowd movements, such as corridors and stairs.
Surveyors are unlikely to perform lengthy surveys, so this
less accurate method has had to be accepted. In addition,
the aforementioned extraordinary load surveys considered
only the static load effects. For access areas, such as
corridors and stairs, the effect of the crowd static load
evidently differs from the actual crowd movement effect.
In emergencies, such as during a fire or earthquake,
extraordinary loads and a reduction in structural resis-
tance often occurs simultaneously. It is necessary to
consider the dynamic effects caused by crowds walking
or running in access areas [18]. Thus, the dynamic effect
of live load should be included in the design loads
[19,20], and in field surveys as well.

With the improvement and increased use of surveil-
lance facilities in buildings, it is possible to conduct
extraordinary load surveys using surveillance videos
instead of questionnaires or questions. However, it is
difficult for investigators to view surveillance videos for a
long period of time to capture extraordinary load data. In
recent years, machine learning methods, especially deep
learning methods, have been widely applied in the field of
civil engineering [21-24]. Computer vision technologies
based on convolutional neural networks (CNNs) [25-27]
have attracted significant attention and have been used in
various research tasks, such as crack detection [28§],
damage detection [29,30], and intelligent construction
[31,32]. However, these methods focus on object
recognition and localization in a single frame, and cannot
track the state change of an object or multiple objects in
an area. Luo etal. introduced vision-based object
detection, multiple-object tracking (MOT), and action
recognition to implement automatic detection and
visualization of the dynamic workspaces of workers on
foot [33]. Xiao et al. [34] proposed a vision-based method
consisting of instance segmentation and Kalman filtering
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to track workers in off-site construction, and similar
frameworks have been adopted to automatically track
construction machines in videos [35]. Wang etal
combined the masks R-CNN [36] and DeepSort [25]
algorithms to collect precast wall locations and temporal
information from surveillance videos to automatically
monitor construction progress [37]. Hence, MOT-based
computer vision methods can facilitate automated and
sustainable inspection and monitoring. It is feasible to
adopt MOT methods to monitor and record the number of
people or stacked furniture in an area through surveil-
lance videos, thereby enabling automated extraordinary
load investigations.

In contrast to furniture stacking, the collection of load
data caused by crowd gathering is more challenging
owing to high crowd density and crowd movement. With
increasing crowd density in a scene, individual people’s
visibility decreases with increasing mutual occlusions,
leading to a significant decrease in the accuracy of
obtained crowd quantities. To address this challenge, in
this study, people in densely crowded environments are
tracked efficiently with distinctly visible heads.
Moreover, an equivalent dynamic load factor (EDLF) is
introduced to amplify the crowd quantity to account for
the dynamic effects caused by crowd movement in access
areas. Therefore, this study examines the vision-based
survey method with crowding events as the primary
concern.

This study proposes a new vision-based survey method
to automatically and sustainably collect extraordinary
load data using surveillance videos, providing a realistic
and accurate basis for determining design load on
buildings. This method integrates object detection and
MOT to track humans using visible heads. Based on
stable head tracking, variations in crowd quantity during
extraordinary events in the survey area are captured, and
the velocity of the crowd from the trajectory analysis is
used to consider dynamic effects owing to crowd
movement. The remainder of this paper is organized as
follows. First, the overall architecture of the vision-based
survey method for extraordinary loads is explained.
Second, head image data sets for constructing stable
crowd head tracking and experiments for survey method
validation are presented. Subsequently, the performance
of the proposed survey method is evaluated. Moreover,
the applications and limitations of the proposed method
are discussed. Finally, the conclusions of this study are
summarized.

2 Overall architecture

Two key issues must be addressed to realize extraordi-
nary load surveys using surveillance videos. The first
issue is determination of the number of people gathered
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in the survey area during extraordinary events. The
number of people entering the survey area should be
assessed. Therefore, the survey area is calibrated to obtain
intrusion lines (i.e., boundaries of the area) in the video
frames. Each participant is tracked to judge whether they
crossed the intrusion line and entered the survey area. The
second issue is consideration of the dynamic effects of
crowd movement in the access areas. The solution to this
question is to amplify the crowd size using the EDLF to
consider actual dynamic effects. To obtain the EDLF, the
velocity of each person through the access area is
calculated. By analyzing the crowd trajectory, the
velocity can be estimated based on the actual distance
between intrusion lines. Figure 1 presents an overview of
the vision-based survey method for extraordinary loads.
Based on the previous analysis of the two core
questions, the proposed method needs to realize stable
crowd tracking to obtain the crowd quantity and EDLF.
Therefore, a crowd head detector (CHD) and a crowd
head tracker (CHT) are built to implement the vision-
based survey method. The following sections elaborate
the details of the proposed method.
2.1 Crowd head detector
This study adopts a tracking-by-detection strategy to
track crowd heads. In this paradigm, the detector provides
localization information of the targets in each frame for
the subsequent MOT task. The accuracy and operating
speed of the detector directly determine the tracking
system performance. Considering that single-stage
detectors balance well between accuracy and speed, the
CHD is built based on fine-tuning the YOLOvVS [38]
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detector. Figure 2 shows the overall architecture of the
CHD, and a description of each block in the figure is
presented in the legend.

A CHD consists of a backbone network and a path
aggregation network [39]. The backbone network is the
primary feature extractor, comprising continuous convolu-
tion and merge operations. Each convolution operation
has a convolution layer, batch normalization [40] layer,
and SiLU [41] activation layer, termed the CBS block. To
promote the learning capability of the entire network, a
modified cross-stage partial structure [42] with bottleneck
layers, called the BCSP block, is introduced in the
backbone network. The detailed design of the BCSP
block is shown by the dotted rectangular box in Fig. 2. As
the spatial pyramid pooling [43] operation can increase
the receptive field and separate useful context features, a
modified version with a faster operating speed, denoted
as the SPPF block, is added to the backbone network. The
structure of the SPPF block is shown in the dot-dashed
rectangular box in Fig. 2. The path aggregation network
collects features from the backbone network and provides
merged features with richer and proper representations to
promote detection accuracy. A top-down path with lateral
connections, similar to the feature pyramid network [44],
is used to propagate semantically strong features for high
performance. Next, to enhance the entire feature pyramid
with accurate localization signals existing in the lower
layers, a bottom-up path augmentation is adopted.
Finally, the CHD provides three output feature maps to
detect and locate crowd heads at different scales.

Five CHD models with different parameters and layers
are investigated for different accuracies and operating
speed requirements. The five models differ primarily in
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Fig. 1 Overview of vision-based extraordinary load survey method.
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Fig.2 Architecture of crowd head detector.
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terms of the depth and width of the network. The names,
depth factors, and width factors of the five CHD models
are presented in Table 1. The depth factor scales the
repeat times of the bottleneck layers in the BCSP block
and the width factor scales the output channels in the
entire model. Figure 2 shows the detailed parameters of
the CHD-1 model with a depth factor of 1.0 and a width
factor of 1.0.

2.2 Crowd head tracking

MOT methods aim to detect and track targets frame-by-
frame, classified as separate and joint trackers. Although
joint trackers have gained more attention, in terms of
tracking accuracy, separate trackers with a tracking-by-
detection paradigm are still the optimal solution. In this
study, a CHT is built based on a modification of the
classic separate tracker DeepSORT [25] to track crowd
heads in crowded scenes. In this framework, heads are
detected per frame using the CHD model, and the heads
are tracked using motion information from head
detections and feature embeddings of heads from a small
but effective head reidentification (HReID) model. The
crowd head tracking process is illustrated in Fig. 3.
Crowd head tracking consists of data association and
update processes. In the former procedure, the primary
task is to associate the head detections and tracks. For an
arbitrary frame, the head tracks are divided into two
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states: confirmed and tentative tracks, which are distin-
guished by the matched times. Each track comprises
motion information and a head-feature gallery with a
fixed number of feature embeddings. The motion
information comprises head detection attributes, in-
cluding the location of the center, box height, aspect ratio,
and their first-order rate of change. The Kalman filter
algorithm [45] is used to predict the position of the head
tracks in the current frame. As new heads are detected,
the HReID model is applied to extract their feature
embeddings. Subsequently, the first association between
the confirmed tracks and head detections is processed in
the matching cascade procedure using motion information
and feature embeddings. The Mahalanobis distance is
used to measure the similarity of the motion information,
and the cosine distance is used to measure the similarity
of the feature embeddings between the confirmed tracks
and head detections. Afterward, both distances were
combined to solve the association problem using the
Hungarian algorithm [46]. The combined metric is
computed as follows:

Cij = J‘dm(ls]) + (1 - /l)dc(lsj)» (1)
where C;; is the combined metric between ith head
detection and jth confirmed track. d,, and d. represent
Mahalanobis and cosine distances, respectively. Hyper-
parameter A controls the influence of each distance on the
combined metric. In the matching cascade procedure, the

Table 1 Depth and width factors of different CHD models confirmed tracks are processed sequentially according to
Model CHD-n CHD-s CHD-m CHD-l CHD-x the track age, which is increased incrementally at the time
Depth factor 3 3 3 Lo a3 of Kalman filter prediction and set to zero at the time of
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Fig. 3 The flowchart of crowd head tracking.
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tracks are split into matched and unmatched tracks. The
tentative tracks, unmatched tracks with an age of 1, and
unmatched head detections are collected to perform the
second association using the intersection over union
(IoU) matching procedure. Unmatched head detections,
unmatched tracks, and matched tracks are then processed
in the data update process. Unmatched head detections
are initiated as new head tracks with tentative status, and
each new head track is assigned a unique identity (ID).
The confirmed tracks over the max-age and the tentative
tracks in the unmatched tracks are deleted. Furthermore,
the matched tracks in the first and second associations are
updated using the location information and feature
embeddings of the head detections. Finally, the new head
tracks, confirmed tracks remaining in the unmatched
tracks, as well as updated tracks, constitute the head
tracks for the next frame. The ID and pixel position of the
updated tracks with confirmed status are visualized in the
current frame and used to conduct an extraordinary load
survey.

Head feature embeddings play an important role in the
data association process. To obtain well-discriminating
feature embedding, a small and fast HReID model is built
using a structural re-parameterization method [47]. The
training and inference architectures of the HReID model
are decoupled, as shown in Table 2. The HRelD model
contains five stages with different numbers of
convolutional layers. In the training phase, each layer has
an ID branch, a 3 x 3 branch, and a 1 x 1 branch. In the
inference phase, the three branches are transformed into a
single branch with a kernel size of three. The global
feature of dimensionality 256 is computed in the pooling
layer and normalized to be compatible with the cosine
distance metric. The HReID model is trained on a HRelD
data set and is discussed in the following results section.

2.3 Extraordinary load survey

With the development of robust crowd tracking, an
extraordinary load survey can be conducted automatically

Table 2 Architecture of the HReID model
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and sustainably through surveillance cameras. From the
previous analysis, it is clear that the number of people in
the survey area at the time of an extraordinary event
needs to be determined during the investigations. For
access areas, to consider the dynamic effects caused by
crowd movement, it is necessary to further obtain
pedestrian velocity to calculate the EDLF.

2.3.1 Survey area calibration

To achieve extraordinary load surveys, the survey area
needs to be calibrated first. In the calibration process, the
horizontal and vertical intrusion lines and characteristic
data of the survey area, such as occupant type, area use,
and area size, should be obtained. As shown in Fig. 4,
vertical intrusion lines are responsible for crowd counting
to conduct an extraordinary load survey of the rooms.
Horizontal intrusion lines are used to count people and
calculate the velocity to achieve an extraordinary load
survey of the access areas. The vertical intrusion lines can
be obtained by selecting two points with suitable pixel
spacing at the room entrance using an arbitrary frame of
the surveillance video. The procedure to obtain horizontal
intrusion lines is simple and requires only a person and an
object of fixed height, such as a leveling rod. In this
study, the leveling rod is set at the mean height of the
people for crowd head tracking. The surveyor places the
leveling rod on both ends of the horizontal intrusion line
for a few seconds to obtain its pixel position in the
surveillance images. In addition, the actual distance
between two adjacent horizontal intrusion lines needs to
be measured for subsequent velocity estimation. The
above calibration procedure for the intrusion lines needs
to be carried out only once, when the camera field of
view is fixed.

2.3.2 Trajectory analysis and velocity estimation

When a person enters the monitored area, the CHT model
tracks the head and assigns a unique tracking ID. When a

Name Layer Training Inference Output size
number kernel/stride kernel/stride
Stage 1 1 3x3/2,1x1/2 3x3/2 24 x 128 x 128
Stage 2 1 3x3/2,1x1/2 3x3/2 48 x 64 x 64
1 3x3/1,1x1/1 3 x3/1 48 x 64 x 64
Stage 3 1 3x3/2,1x1/2 3x3/2 96 x 32 x 32
3 3x3/1,1x1/1 3x3/1 96 x 32 x 32
Stage 4 1 3x3/2,1x1/2 3x3/2 192 x 16 x 16
3 3x3/1,1x1/1 3 x3/1 192 x 16 x 16
Stage 5 1 3x3/2,1x1/2 3x3/2 256 x 8 x 8
AdaptiveAvgPool 1 - - 256
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person’s head trajectory crosses the boundary intrusion
line of the survey area, it can be determined that he or she
enters or exits the survey area using the movement
direction. Whether the head trajectory intersects the
intrusion line in a plane can be determined as follows:

(Plleple)'(PleXP2Q2)<O, )

(07! x 0.7 (0:P) x &:%) <0, 3
where 0,0, represents the two endpoints of the intrusion
line and P,P, represents the head trajectory of the
adjacent frame, as shown in Fig. 4. P,Q, denotes a vector
calculated using the pixel coordinates. The direction of
movement is confirmed using the changes in the pixels.
The frame numbers of the same person crossing the
adjacent intrusion lines can be obtained using Egs. (2)
and (3). Thus, the average velocity of the person crossing
the intrusion region can be calculated as follows:
Ad

Y
where Ad represents the measured distance between
adjacent intrusion lines. f; and f, indicate the frames in
which the person crosses the first and second intrusion
lines, respectively. The above process is performed for
each person entering the monitored area in each frame.
Thus, the counting change at each boundary intrusion line
and the velocity of each person in the access area are
recorded. The number of crowds can be calculated per
frame by combining the data from all boundary intrusion
lines of the survey area. For survey areas with multiple

“4)

Room 1

)

Vertical intrusion line
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entrances and exits, such as access areas, data from
multiple surveillance cameras can be used for investiga-
tions after time synchronization.

2.3.3 Calculation of equivalent dynamic load factor

Based on the obtained pedestrian velocity, the dynamic
effect due to crowd movement is considered by
amplifying the crowd size using the EDLF. Human-
induced loads are generally treated as periodic excitations
and expressed as a Fourier series model [48]. The load
induced by the crowd, considering only the contribution
of the first harmonic, can be described as follows:

Fo(f) = ZG,-[] +a;sin Cnfit — ¢;)], (5)

i=1

where F(?) is the load induced by the crowd, N is the
quantity of crowds, and G,, f;, @;, and ¢; represent the
weight, movement frequency, first-order dynamic load
factor (DLF), and phase angle of ith pedestrian, respec-
tively. Because the variation in the weight of pedestrians
has a negligible effect on the statistical distribution of the
dynamic response [49], the crowd load using the mean
weight of pedestrians is expressed as follows:

Fe®)=G|N+ ) a;sinQnfi-g)|, (6)

i=1

where G denotes the mean weight of the crowd. The
relationships among the velocity v, movement frequency f
and first-order DLF « of pedestrians are as follows
[50,51]:
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Fig. 4 Extraordinary load survey process using surveillance cameras.
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f=1.7345,0415, )

a=0.2358f-0.201. 8)

Considering that the pedestrian movement frequency
tends to be the same when the crowd density is high, the
mean velocity of the crowd is utilized to replace the
velocity of each person. The crowd load in a frame is then
simplified as follows:

N N

F.=G N+@J(Z singo,] +(Zcos<p,-] , (9

i=1 i=1

where @ is the mean DLF corresponding to the mean
velocity of the crowd in the frame. Therefore, the EDLF
of the crowd in a frame is calculated as follows:

J(z][z]

i=1 i=1

EDLF =

10
~ (10)
The phase-angle distribution of the crowd follows a
zero-mean normal distribution [52]. The standard devia-
tion of the phase angle, o, differs within three crowd
density categories: unrestricted traffic (UT), restricted
traffic (RT), and exceptionally restricted traffic (ERT).
The standard deviations for different crowd densities can

be calculated as follows:
oc=af*+bf +c,

(11)

where f denotes the mean crowd frequency. a, b, and ¢
depend on the crowd density, which can be obtained from
Table 3. Hence, the randomness of the EDLF in a frame
is determined by the phase angle. This study randomly
selected 100 groups of phase angles based on the crowd
number and corresponding distribution to calculate the
EDLF, and the 95th percentile value was taken as the
final EDLF.

Table 3 Parameters for o in different crowd density

Category Crowd density (p/mz) a b c

UT p<0.5 1.4927 —5.4413 5.3624
RT 05<p<l1S5 0.8013 —2.9881 3.2007
ERT p=z15 0 0 0.3642

2.3.4 Load survey procedure

With all the above preparations, the investigation process
of the extraordinary load based on surveillance cameras is
as follows: 1) the crowd heads are tracked, and a unique
tracking ID is assigned to each person; 2) it is determined

whether the head trajectory crosses the intrusion line, by a
comparison with the previous frame; 3) the counting
changes are recorded at each boundary intrusion line,
including the velocities and IDs of pedestrians in the
access areas; 4) the crowd quantity is obtained by
combining the counting changes in each boundary
intrusion line in the survey area; 5) pedestrian velocities
are indexed by tracking IDs to obtain the mean velocity,
mean movement frequency, and mean DLF using Eqgs. (7)
and (8); 6) the phase angle distribution is selected based
on the crowd density and mean movement frequency;
7) the EDLF is calculated 100 times using the selected
phase angle distribution and Eq. (10), and the 95th
percentile value is adopted to amplify the crowd size; 8)
the steps 1)—4) are repeated for rooms and steps 1)-7) for
access areas per frame until the end of extraordinary
events.

3 Data set and experiment

This section describes the crowd head detection and
HRelD data sets used to implement the vision-based
extraordinary load survey method. In addition, a crowd
quantity investigation experiment and a crowd walking
experiment are designed to verify the feasibility of the
proposed survey method.

3.1 Head data sets

The CHD and HRelID models are implemented based on
CNN. Therefore, crowd head image data sets, including
crowd head detection and HRelID data sets, are collected
to train and evaluate the above CNN-based models.

The crowd head detection data set included 3727
images with 59499 head annotations, which are sampled
from surveillance videos of teaching buildings. The
surveillance images are carefully selected for variance
and reduction in the similarity of crowd heads. Each
visible head in each image is labeled, including the
blocked parts. The SCUT-HEAD data set [53] is also
adopted further to enrich the variability of the crowd head
data set. Thus, a large-scale head detection data set
including 8132 images and 170750 head annotations is
used to train and test the CHD model. The final data set is
divided into the training and testing sets. The training set
contains 6723 images with 139887 head annotations, and
the testing set contained 1409 images with 30863 head
annotations. Two representative images and annotations
are shown in Fig. 5.

The HRelD data set is captured using four surveillance
cameras in the teaching buildings. Overlapping exists in
these cameras. Each ID is captured by at least one
camera. This data set contains 7404 head images with 712
identities. The head images are cropped using hand-
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(@)

(b)

Fig. 5 Example images and annotations of the crowd head detection data set: (a) sample-1; (b) sample-2.

drawn bounding boxes, and all the images are normalized
to 128 x 128 pixels. The HRelD data set is randomly
divided into training and testing sets. The training and
testing sets contain 377 identities with 3682 head images,
and 335 identities with 3010 head images. In the testing
set, one image for each ID in each camera is selected as a
query image and the remaining images are taken as
gallery images. The sample images of the four identities
in the HRelD data set are shown in Fig. 6.

3.2 Survey experiments

3.2.1 Crowd quantity investigation

To verify the effectiveness of the vision-based extraor-
dinary load survey method when crowd gathering occurs,
four different scenes in teaching buildings are selected for
crowd quantity monitoring. Table 4 shows the details of
the four scenarios, including the survey area composition,
the size of the area, and the number of surveillance
cameras used. The frames per second (FPS) of each
surveillance camera is 25. Each scenario is observed for
120 s at a high pedestrian density. Before the investiga-
tion, a calibration procedure with a leveling rod and
frames of surveillance videos is performed to obtain the
virtual intrusion lines at each entrance and exit of the
survey area. The number of existing crowds in the survey
area is obtained by monitoring the changes in pedestrian
volume at each intrusion line. For comparison purposes,
the change in pedestrian volume at each intrusion line is
manually recorded frame by frame to obtain the true
value of the crowd quantity in the survey area.

INFS
'

3.2.2 Crowd walking experiment

A crowd walking experiment based on a wooden floor is
conducted to evaluate the rationality of the EDLF
calculated from crowd velocities for crowd quantity
amplification. The static load of the crowd’s weight, the
static load amplified by the EDLF, and the actual load
caused by crowd movement are compared using the
displacement response in the midspan of the wooden
floor. The size of the wooden floor with the long edges
simply supported and short edges free is 6 m x 3 m. A
laser displacement sensor with a sampling frequency of
200 Hz is used to measure the displacement response of
the wooden floor. Two cameras with 30 FPS are placed at
both ends of the wooden floor to obtain the number and
velocity of the crowd on the floor. Figure 7(a) shows
basic information about the wooden floor and the
positions of the displacement sensor and cameras.

To obtain the stiffness between the midspan displace-
ment and the uniform load, uniform static load testing
using steel plates is first performed. The loading
procedure is performed five times with an increment of
3.4 kN each time. Figure 7(b) shows the loading process.
Next, crowd walking tests are conducted with 27
pedestrians. The average mass and average height of the
27 test subjects are 64 kg and 170 cm, respectively.
Before the crowd walking tests, a calibration procedure is
performed based on the mean height to obtain the
intrusion lines for crowd counting and velocity estima-
tion. Considering the size of the wooden floor, the
distance between the first and second horizontal intrusion
lines is set to 2 m to calculate the velocity, as shown in

-!
PO T "rv

>

L=

Fig. 6 Example images of the HRelD data set.
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Table 4 Details of investigation scenes
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Scene Survey area Area size (m’) Camera number Time (s)
Scenel classroom 79 1 120
Scene2 corridor 25 2 120
Scene3 classroom, corridor 247 4 120
Scene4 classroom, corridor, lobby, stair 633 6 120
‘ 2m 6m 2m ‘
Simply supported
3 =)
m | - W
Camera | Displacement Camera 2
Sensor
The f‘Tz/)(())(;den <
1 ©) 2 1)

The first intrusion
line for counting

(a)

(b)

The second intrusion line
for velocity estimation

—_—
_—
—_—
—_—

Route 1

Route 3
(©

Fig. 7 (a) Basic information regarding the wooden floor; (b) loading process of the uniform static load testing; (c) walking route of the

crowd.

Fig. 7(a). The test subjects are asked to walk freely to
simulate unrestricted and restricted traffic. In each traffic
status, the walking route of the crowd is divided into
three types: one-way traffic and two types of two-way
traffic, as shown in Fig. 7(c). In addition, the speed of the
crowd is divided into slow, medium, and fast in UT,
whereas only slow-speed conditions are adopted in RT
for safety reasons.

4 Results and discussion

4.1 Testing results of convolutional neural networks based
models

The CHD and HReID models were trained and tested on
the crowd head detection and HReID data sets,

respectively. The final models for the subsequent imple-
mentation of the vision-based extraordinary load survey
method were selected based on evaluation metrics.
Experiments on both CNN-based models were conducted
using a GeForce GTX 1070Ti 8 GB GPU.

The CHD models were trained on the training set with
139887 head annotations, and the implementation details
are as follows. The CHD model was initialized with pre-
trained weights of the MS-COCO data set [54], and the
Adam optimizer [55] was adopted to update the
parameters. The mini-batch size was set to four owing to
the limited GPU memory, and the total number of
training epochs was fixed at 60. To obtain a stable
gradient momentum in each iteration, gradual warmup
[56] and cosine annealing [57] schedules were used to
adjust the learning rate smoothly. The maximum and
minimum learning rates were set to 10° and 107,
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respectively. The warmup phase contained 2 epochs, and
the cosine annealing phase consisted of 58 epochs.
Routine data augmentation such as flipping, affine, and
photometric distortions was adopted to increase the input
image variability. In each batch iteration, the training
image sizes were randomly set to 384, 448, 512, 576, or
640 pixels. The aforementioned training procedures were
implemented for all five models (Table 1).

Each CHD model was tested on an independent testing
set with 30863 head annotations. The size of the test
images varied from 384 pixels to 1152 pixels in incre-
ments of 128 pixels. The average precision with an IoU
threshold of 0.5 (AP50) [58] and the inference time
metrics were utilized to evaluate the performance of these
CHD models. The test results for the five CHD models
are shown in Fig. 8. With an increase in the parameters
and depth of the models, the head detection performance
could be steadily improved, while the inference time will
then gradually increase. However, the increase in the
model parameters had a negligible effect on the improve-
ment of AP50 after the depth and width factors reached
1.0. Regarding an individual model, the head detection
accuracy improved, and the inference time increased with
the increase in the input image size. The detection
performance of these CHD models leveled off after the
image size reached 896 pixels. The CHD-s model
exhibited an AP50 of 94.6% with an inference time of 6.4
ms, and the CHD-m model exhibited an AP50 of 95.4%
with an inference time of 15.6 ms. The CHD-s and CHD-
m models demonstrated a better balance of inference time
and accuracy and are thus preferred for subsequent crowd
head tracking.

0.98
0.941
0.90+
@
2 0.861
< —+— CHD-n
0.821 —=— CHD-s
—»— CHD-m
0.78 CHD-1
—+— CHD-x
0.74
0 10 20 30 40 50 60 70 80

Inference time (ms)

Fig. 8 Testing results of the CHD models with different
parameters.

The HRelD model with softmax loss was trained to
discriminate the identities in the training set of the HRelD
data set. The HReID model was initialized with pretrai-
ned weights of the ImageNet data set [63]. The mini-
batch size and total epochs were set to 32 and 60,
respectively. The optimizer for parameter updating and
the learning rate schedule applied in the HReID model
training process were the same as those used for the CHD

Front. Struct. Civ. Eng. 2024, 18(6): 815-831

models. A data augmentation procedure, including
random crop and photometric distortions, was used to
enhance the generalization ability of the model. After
training, the softmax classifier was stripped of the
network, and distance queries were conducted using
cosine similarity in the final layer of the HReID model. A
comparison with other lightweight networks, as shown in
Table 5, was performed to demonstrate the effectiveness
of the HReID model. For a fair comparison, the above
training procedures for the other lightweight models were
the same as those for the HRelD model.

Table S Testing results and params of different lightweight models

Models Params (M) MFLOPs Rank-1 MAP Inference
(%) (%)  time (ms)
OSNet [59] 0.3 44.0 96.1 85.4 14.8
ShuffleNetV2 [60] 0.3 11.5 925 759 6.1
SqueezeNet [61] 1 229.6 92.5 74.6 2.2
MobileNetV3 [62] 0.7 37.2 92.8 788 7
ResNet18 [27] 5.3 499.1 94.6  82.6 2.6
HReID 1.9 204.4 96.7  88.2 1.4

Each lightweight model was tested on a test set with
335 identities and 3010 head images. Cumulative match-
ing characteristics [64], Rank-1, and mean average
precision (MAP) [65] metrics were adopted to evaluate
the performance of the lightweight models. Table 5 lists
the million floating point operations (MFLOPs), params,
inference time, and testing results of different lightweight
models on the HReID data set. The HReID model
achieved the best performance among all the lightweight
models and provided an MAP of 88.2% and Rank-1 of
96.7%. In terms of the MAP metric, HRelD exhibited
clear advantages. Although the MFLOPs and params of
the HReID model are not minimal in Table 5, it provided
the least inference time. The complicated multi-branch
and depth-wise convolution could substantially reduce the
params and MFLOPs of other lightweight models, but
they also increased the memory cost and slow down the
inference. The HRelD model without any branches
proved to be simple, offering a favorable balance of
inference speed and accuracy for subsequent crowd head
tracking.

4.2  Experiment results

4.2.1 Crowd quantity monitoring results

Based on the implementation of the CHD and HRelID
models, a crowd-head tracking task can be achieved using
the CHT framework. The matched times were set to 3 to
determine the head track state, and the max-age for the
Kalman filter prediction of each confirmed head track
was set to 50. The latest 75 feature embeddings were
reserved in the head feature gallery for each track and
utilized for data association. Because the surveillance
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cameras are fixed, the motion information and feature
embeddings were both used in the combined metric, and
the hyperparameter 4 was set to 0.5. Figure 9 shows
several crowd head tracking results of the CHT in
Scene2. The same color in the bounding box and tracking
trajectory represents the same person. CHT was found to
be capable of detecting and tracking crowd heads stably
in crowded situations. Even after longer occlusions, the
CHT did not cause any ID switch and effectively preser-
ved the ID, as shown in Figs. 9(a)-9(c). The continuous
head trajectory of each ID was used to determine whether
the ID had entered the survey area. Figure 9(b) illustrates
a person crossing the red vertical intrusion line and
entering the corridor survey area, while Fig. 9(d) shows a
person crossing the red horizontal intrusion line and
walking out of the corridor survey area. As shown in
Figs. 9(a) and 9(b), the counts changed accordingly as the
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person crossed the intrusion lines.

The four scenes in Table 4 were examined under high
crowd flow conditions based on the stable tracking of
crowd heads. For the scenes in which multiple cameras
were used to conduct surveys, the surveillance data from
each camera were combined by time synchronization to
obtain the crowd quantity in the survey area. Figure 10
shows the time histories of the crowd quantity changes
over 120 s in the four survey areas using the CHD-m
model and an input image size of 768 pixels. The number
of people gradually gathering in the survey area can be
accurately recorded when only one surveillance camera is
present, as in Scenel. When the survey area is small, as in
Scene2, the crowd density is high and the quantity of
crowd changes substantially. In such scenarios, crowded
conditions lead to errors in monitoring, such as two
people occluding each other but simultaneously passing
through an intrusion line. As the area surveyed is

Fig. 9 Sample tracking results visualization of CHT in a crowded situation: (a) result-1; (b) result-2; (c) result-3; (d) result-4.
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Fig. 10 Time histories of the crowd quantity changes in four survey areas: (a) scenel; (b) scene2; (c) scene3; (d) scene4.
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increased, the number of surveillance cameras used
increases, and the proposed method can monitor quantity
changes effectively at the beginning of crowd quantity
growth. However, with the gradual increase in crowd
size, the homogeneous appearance of heads in the
distance view makes monitoring prone to errors, as in
Scene3 and Scene4. Further enhancement of the head
detector and tracker can help alleviate this problem.
Overall, the monitoring values fluctuate, but generally
match well with the true values for all scenes. The results
demonstrate that the proposed survey method can
effectively capture changes in crowd quantity in the
survey area when a crowd gathering situation occurs.

The discrepancy between the monitored and true values
was further evaluated using the peak relative error (PRE),
Pearson correlation coefficient (PCC), and root mean
square error (RMSE) metrics, which represent the survey
performance. Figure 11 shows the average evaluation
results for the four scenes obtained using the vision-based
survey method with different CHD models and image
sizes. In small image size cases, the proposed method
presented low PCC and high RMSE values, because the
low resolution makes the CHD models less effective in
providing stable head detections for head tracking. As the
image size increases, the performance of the proposed
method can be improved, and the proposed method using
the CHD-m model provides the highest PCC of 99.7%
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and the lowest RMSE of 0.579 at an image size of 768
pixels, as shown in Figs. 11(a) and 11(b). The PRE metric
was stable within 5%, as shown in Fig. 11(c), demons-
trating the robustness of the proposed survey method for
capturing the maximum crowd quantity under different
image sizes. Furthermore, the time required by the
proposed method to process each surveillance video in
the four scenes was investigated, as shown in Fig. 11(d).
The mean time cost of the proposed survey method
increased with the image size and CHD model size. For
the same image size, the proposed method adopting the
CHD-m model generally provided better survey results
than the proposed method using the CHD-s model while
requiring a higher time cost. In actual extraordinary load
surveys, the proposed method using the CHD-m model
and an image size of 768 pixels can be selected to realize
a real-time and accurate survey, whereas the proposed
method adopting the CHD-s model is a good choice for
devices with limited computing powers.

4.2.2  Crowd walking experiment results

The proposed survey method using the CHD-m model
and an image size of 768 pixels was selected to process
the test videos. The crowd quantity on the wooden floor
in each frame was obtained using the same method as in
the previous experiment. Figure 12 shows the tracking
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384 512 640 768 896
Image size (pixels)

(b)

150
mm CHD-s

== CHD-m
130

1g§§§i
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1024

Fig. 11 Evaluation metrics of the vision-based survey method for different CHD models and image sizes: (a) PCC; (b) RMSE; (c) PRE;

(d) survey time.
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(b)

Fig. 12 Tracking numbers and velocities of pedestrians on the wooden floor: (a) result-1; (b) result-2.

results of pedestrians on the wooden floor under UT
conditions, where the green lines represent intrusion
lines. The velocity of each pedestrian was estimated
based on the actual distance between two intrusion lines
and the time across two intrusion lines. Each pedestrian
on the wooden floor had a velocity and unique ID, as
shown in Fig. 12(a). The absent velocity in this frame
could be obtained from the subsequent frame, as shown in
Fig. 12(b). For each camera data, the tracking ID of each
pedestrian on the wooden floor in every frame was
recorded, and the velocity of each pedestrian was saved to
a collection with tracking IDs as indices. Therefore, after
processing the test videos, the velocity of each pedestrian
on the wooden floor in every frame was obtained using a
unique tracking ID. In this experiment, the velocity of
each pedestrian from two camera data was adopted to
calculate the mean velocity of the crowd on the wooden
floor for each frame.

The EDLF in every frame can be obtained using
Eq. (10), based on the quantity and mean velocity of the
crowd on the wooden floor. Figure 13(a) shows the time
history of the EDLF for pedestrians walking in Route 2
under a RT status. The midspan displacements of the
wooden floor in every frame were calculated using the
static load (the mean weight multiplied by the crowd
quantity) and amplified load (the mean weight multiplied
by the amplified crowd quantity using the EDLF) and
then compared with the measured displacements. The
stiffness between the midspan displacement and uni-
form load obtained from uniform static load testing was
338.3 kN/m’. Figure 13(b) shows the time history of the
midspan displacements from the laser displacement
sensor, static load, and amplified load under the RT status
and Route 2. Evidently, the displacement calculated from
the static load was lower than that caused by the actual
crowd movement, demonstrating that the actual load is
higher than the static load. In contrast, the displacements
calculated from the amplified load covered the actual
displacements in most cases.

The mean EDLF and the peak displacement at midspan
of the 30 s steady-state were further compared under
different working conditions. For convenience, the
working conditions were represented as an abbreviated
combination of the walking route and speed. The three
walking routes were abbreviated as R1, R2, and R3, and
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— Test — Amplified load — Static load
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Fig. 13 Time history of the EDLF and displacement response
under RT status and route 2: (a) variations in EDLF; (b) displace-
ment of midspan.

the three walking speeds were abbreviated as S, M, and F.
R1S denotes the working condition of the crowd walking
on Route 1 at a slow speed. Figure 14(a) shows the mean
value of the EDLF for each working condition. It was
observed that the static load was amplified by approxi-
mately 27% on average for an unconstrained status,
whereas the static load was amplified by approximately
20% on average for the constrained status. Based on the
obtained EDLF, the peak values of the midspan displace-
ments calculated using the static load and amplified load
were compared with the peak value of the measured
displacement for every working condition, as shown in
Fig. 14(b). The actual displacements were larger than the
static displacements in all working conditions, demons-
trating the necessity of considering the dynamic effect of
crowd movement in extraordinary load surveys. Under
UT status, the peak displacements of the amplified load
were closer to the measured values than the peak
displacements of the static load, but most cases were on
the small side. Because it is unlikely to produce a uniform
load when the crowd quantity is small, the concentrated
loading in the midspan is evident during crowd walking.
Under a RT status, which is also a common situation
during extraordinary events, the peak displacements of
the amplified load were larger than the measured values.
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Fig. 14 (a) The mean value of EDLF and (b) the peak displacement of midspan in different working conditions.

The results prove the rationality of the EDLF for crowd
quantity amplification, and the amplified load can incor-
porate the dynamic effects due to crowd movement.

4.3 Discussion

In addition to investigating crowd gathering events, the
vision-based survey method is also applicable for
collecting load data due to furniture stacking events. For
that task, the extraordinary load due to furniture stacking
events can be described as a series of different load types
(i.e., different furniture). Two factors of each load type
need to be determined in the load survey: the weight and
number. The former can be obtained through web data,
while the latter can be collected by the proposed survey
method here. When furniture stacking events occur, the
vision-based survey method can be employed to track
each type of furniture and determine the quantity of
furniture in the survey area. Accordingly, an image data
set with various furniture types is necessary to extend the
detection and reidentification model to detect and
discriminate furniture effectively.

The proposed scheme can be utilized in two manners
for long-term and continuous load survey tasks: group
and individual surveys. In the former task, the proposed
vision-based survey approach needs to be deployed on a
powerful cloud server to automatically process surveil-
lance videos uploaded from a group of buildings. In the
latter case, the algorithms can run on a local computer to
process surveillance videos of an individual building.
Given current building surveillance and web bandwidth
conditions, there are no technical obstructions to the
implementation.

Since the proposed survey method uses surveillance
cameras, applicable survey scenarios include office
buildings, shopping malls, hospitals, schools, and public
transportation hubs. In contrast, the proposed approach is
less suitable for spaces where surveillance cameras have
limited coverage or areas where surveillance cameras
pose a risk of violating community privacy, such as in

residential buildings. In the case of dense crowds, the
proposed survey method shows erratic tracking due to
object occlusions and abrupt appearance changes. To
obtain more accurate load data, it may be necessary to
focus on both data set and algorithm improvements, such
as by establishing a large image data set to enhance the
performance of the detector and reidentification model
and developing a tracking algorithm that incorporates
scene understanding.

5 Conclusions

This study proposes a new vision-based survey method
using surveillance cameras to collect load data during
extraordinary events, including crowd quantity and
velocities. A crowd head tracking framework consisting
of a CHD model and a HReID model was developed to
track the crowd and obtain the crowd head trajectory.
Then, the trajectory analysis based on virtual intrusion
lines was performed to obtain crowd quantity and
velocities in the survey area. For survey areas with
frequent crowd movements, the EDLF was calculated
based on crowd velocities to amplify the crowd quantity
to account for actual loading situations. The feasibility
and effectiveness of the proposed survey method were
investigated through crowd quantity monitoring and
crowd walking experiments. The main findings of this
study are.

1) The proposed vision-based survey framework, integ-
rating the CHD-m model with AP50 of 95.4% and the
HRelID model with MAP of 88.2% and Rank-1 of 96.7%,
provides good survey accuracy and low computational
cost, thus being suitable for real-time survey tasks.

2) The dynamic effects caused by crowd movements in
access areas should be considered in extraordinary load
surveys and could be reasonably quantified using the
EDLF calculated by the proposed survey method.

3) Compared with traditional methods based on
questionnaires and questioning, the new survey method
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can automatically and continuously collect extraordinary
load information to form a reliable data basis for design
load revaluation.

In the future, an extensive and continuous load survey
using the proposed method can be conducted to provide a
significant amount of data to update information on
extraordinary and design loads for buildings.
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