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This paper addresses the crucial challenge of Vulnerable Pedestrian Anticipation (VPA) in urban environments,
utilizing surveillance video data to enhance pedestrian safety. VPA is crucial for identifying pedestrians in
potentially dangerous situations, such as walking alongside roads or crossing crosswalks, where the risk of
vehicular collisions is elevated. To advance research in this field, we introduce two primary components: the
WatchoutPed dataset and the Vulnerable Pedestrian Anticipation Network (VPANet), a baseline network espe-
cially designed for VPA. The WatchoutPed dataset has been meticulously enriched with extensive annotations
through an innovative auto-labeling technique that integrates ground region analysis with pedestrian state
estimation, thus providing a solid foundation for VPA research. Complementing this, the VPANet is engineered
to process visual and non-visual inputs extracted from past frames in surveillance footage, enabling it to predict
the future state of pedestrians as either safe or unsafe. Tested on the WatchoutPed dataset, VPANet achieves
an impressive 89% accuracy, outperforming current methods. Furthermore, we demonstrate the effectiveness
of our auto-labeling approach. Notably, the accuracy of VPANet, when trained with the auto-generated
annotations from the WatchoutPed, closely parallels that achieved with human-verified annotations, with a
negligible variance of less than 1%. The broader implications of our work are significant for the development
of smart urban safety infrastructures. Integrating these insights into intelligent crosswalk systems could greatly
enhance the monitoring of pedestrian activity near crosswalks, enabling the timely alerting of drivers to the
presence of vulnerable pedestrians, and thereby proactively preventing potential vehicular accidents.

1. Introduction beyond merely estimating pedestrian crossing intentions to bolster

pedestrian safety. Traditional methods for estimating crossing inten-

Enhancing pedestrian safety in intelligent cars and traffic systems
necessitates the prediction and anticipation of both the current and
future states of pedestrians, particularly those vulnerable to vehicular
collisions. Recent methodological advancements have predominantly
focused on pedestrian detection in crowded conditions, as evidenced by
numerous studies [1-9]. These methods have been rigorously trained
and evaluated using established pedestrian datasets such as Caltech

tions, depicted in Fig. 1(b)-(1), determine if pedestrians will commence
crossing after a predefined time span, ¢ seconds, from the start of
observation. Post initiation of crossing, these methods discontinue their
assessment, as they are principally designed for driver assistance sys-
tems or autonomous vehicles that preempt crossings prior to time
t. Following the onset of a crossing action of a pedestrian, drivers,

pedestrians [10], CityPersons [11] and CrowdHuman [12]. Moreover,
there has been an increasing focus on developing datasets tailored
for pedestrian trajectory prediction [13-15] and pedestrian crossing
intention estimation, utilizing videos from onboard vehicle cameras.
As a result, methods for pedestrian crossing intention estimation have
actively been proposed, employing these specific datasets [16-27].

In intelligent traffic systems, the emphasis is progressively placed
on predicting vulnerable pedestrians, as illustrated in Fig. 1(a), going

with or without the aid of autonomous driving technology, proactively
participate in collision prevention with the pedestrian. Nonetheless,
for intelligent traffic systems managing traffic signals or issuing driver
alerts, it is crucial to maintain continuous surveillance for the full
extent of any potential hazard to vulnerable pedestrians, as indicated in
Fig. 1(b). Thus, it becomes imperative to observe not just the beginning
but also the end of the crossing action. Additionally, the anticipation
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Fig. 1. Concept of vulnerable pedestrians and comparisons between existing methods for crossing intention estimation and our proposed method for anticipating vulnerable

pedestrians.

of pedestrian vulnerability is paramount, not only during their tran-
sit across roads but also while walking adjacent to them, including
at designated crosswalks. Contrary to prevalent perceptions of safety
in these areas, statistical data substantiates a considerable hazard of
pedestrian-vehicle collisions [28].

We posit that pedestrians exhibit vulnerability while navigating
alongside roads or crossing at crosswalks due to the imminent risk
of vehicular collisions, as illustrated in Fig. 1. Stemming from this
premise, we characterize a pedestrian’s unsafe state as one wherein they
are exposed to potential hazards on the road or at crosswalks. An an-
ticipatory method for vulnerable pedestrians, depicted in Fig. 1(b)-(2),
predicts the likelihood of pedestrians being on the road, encompassing
those at crosswalks, within a one-second timeframe. Once pedestrians
transition to the sidewalk, their status is reassessed to that of safe
pedestrians. In crossing scenarios, the predictive analysis extends from
the commencement to the termination of the crossing motion, during
which pedestrians are deemed to be in an unsafe state.

In pursuit of advancing pedestrian safety, we introduce a dataset
alongside a baseline model dedicated to predicting the vulnerability
of pedestrians in precarious states as captured in surveillance footage.
To assemble our WatchoutPed dataset, we have implemented an au-
tomated labeling method that combines ground region analysis with
pedestrian state estimation. Concurrently, we introduce the Vulnerable
Pedestrian Anticipation Network (VPANet) as a foundational model.
This model processes both visual and non-visual data from historical

past frames within surveillance videos to predict the state of pedestri-
ans, classifying them as either safe or unsafe. The VPANet demonstrates
superior performance, surpassing existing state-of-the-art models when
trained on our WatchoutPed dataset. Furthermore, the VPANet, when
trained on the WatchoutPed dataset with auto-generated annotations,
exhibits performance on par with that of the VPANet trained on human-
verified annotations, with a negligible accuracy differential of less than
1%.
Our key contributions can be summarized as follows:

+ Comprehensive Dataset and Baseline Model: We introduce
the WatchoutPed dataset, a robust and richly annotated dataset
specifically designed for anticipating vulnerable pedestrians. This
dataset, paired with our baseline model VPANet, facilitates ac-
curate predictions of pedestrian states in surveillance footage.
The extensive annotations and the novel auto-labeling technique
make this dataset a substantial resource for advancing research in
pedestrian safety.

Vulnerable Pedestrian Anticipation Network (VPANet): We
propose VPANet, a model specifically designed to predict the
future states of pedestrians using both visual and non-visual
data from historical surveillance footage. VPANet demonstrates
superior performance, achieving 89% accuracy, which surpasses
current state-of-the-art methods. The model effectively processes
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multiple types of input data, including local context, global con-
text, and bounding box information, to provide accurate and
timely predictions.

Preliminary Evaluation of Automatically Generated Anno-
tations: We conducted initial experiments comparing models
trained on automatically generated annotations with those trained
on human-verified annotations. These preliminary results indicate
that our auto-labeling technique can generate annotations with
a performance variance of less than 1% compared to human-
verified data. While these findings are promising, they suggest
that the auto-labeling method has the potential to serve as an
efficient alternative to human annotators for generating large-
scale annotations, though further validation is needed to confirm
its effectiveness across diverse settings.

This study introduces the first benchmark dataset and baseline
model for Vulnerable Pedestrian Anticipation (VPA) in surveillance
videos, establishing a foundation for future safety applications. Building
on this work, our future efforts aim to enhance pedestrian safety by
deploying this method and dataset in real-world environments, specif-
ically through collaborations with local governments utilizing CCTV
surveillance. Additionally, we plan to expand the dataset and refine the
model to ensure effective performance in diverse urban settings.

2. Related work
2.1. Pedestrian detection

Extensive research has been conducted to improve pedestrian de-
tection in real-world environments. In [9], Fore-Background Contrast
Attention (FBCA) was proposed, which improves pedestrian detection
under low-light conditions by incorporating background information
into the channel attention mechanism. While some research has focused
on reducing the high costs of extensive annotations, a new fine-tuning
method was proposed in [7] for unsupervised pedestrian detection
that does not require source and target data. Additionally, the Scene-
adaptive Pseudo Annotation (SaPA) approach was proposed in [8],
which utilizes both annotated source data and unannotated target
data to generate high-quality pseudo annotations, thereby improving
pedestrian detection in semi-supervised scenarios.

Among these general pedestrian detection advancements, certain
studies have concentrated on refining the detection of vulnerable pedes-
trians to enhance pedestrian safety. In [3], single-shot detector [1]
with a MobileNet [2] backbone was used for the rapid detection of
pedestrians and vehicles in surveillance videos, particularly around
crosswalks. Another significant contribution by Mehtab and Yan [5]
involved employing CSPNet [4] for detecting pedestrians and cyclists
within the KITTI dataset [29], recorded from dashboard cameras. How-
ever, a common limitation of these previous methods in detecting
vulnerable pedestrians is their assumption that all individuals in the
scene are in unsafe situations. Consequently, they primarily focus on
identifying bounding boxes of persons without incorporating contextual
scene information.

2.2. Pedestrian crossing intention estimation

Many studies have focused on predicting pedestrian crossing in-
tentions. Most of these studies have utilized datasets recorded from
vehicle-mounted cameras, and predictive models based on neural net-
works have been developed for each dataset.

The pioneering dataset for predicting pedestrian crossing intentions,
the Joint Attention in Autonomous Driving (JAAD), was first introduced
by Rasouli et al. [30]. This dataset goes beyond mere pedestrian
detection and bounding box annotation by incorporating behavioral
and contextual information, thereby offering a more comprehensive
understanding of pedestrian intentions. Subsequent research utilizing
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this dataset has included the extraction of pose information [31,32]
and the implementation of multi-task approaches [33-35] to improve
prediction accuracy. However, the utility of this dataset is constrained
by the limited information regarding ego vehicles and its relatively
modest volume.

Addressing the limitations of the earlier dataset, Rasouli et al.
[36] introduced the Pedestrian Intention Estimation (PIE), a large-scale
dataset distinct for its annotations of pedestrian crossing intentions.
Various methods leveraging the PIE dataset for predicting pedestrian
intentions have emerged, often involving modifications and expansions
in network architecture. Rasouli et al. [16] implemented Stacked RNNs,
while others have utilized camera-acquired information [37,38], em-
ployed graph convolutional networks [39], and further developed and
refined the models [17-20]. Additionally, previous works [21-27] have
performed comparative analyses using both JAAD and PIE datasets.
The Stanford-TRI Intent Prediction (STIP) dataset [40] is notewor-
thy for including videos captured from three different camera angles.
citepliu2020spatiotemporal employed graph convolution techniques to
predict pedestrian intentions. However, a notable distinction exists in
video characteristics recorded by onboard vehicle cameras compared
to those captured by surveillance videos. Consequently, models trained
with datasets designed for pedestrian crossing intention, such as PIE
and JAAD, are not directly transferable for use in pedestrian safety
monitoring systems that rely on surveillance footage.

Furthermore, other pedestrian-related datasets have been intro-
duced. One such dataset, Trajectory Inference using Targeted Action
prior Network (TITAN), introduced by Malla et al. [41], is distin-
guished by its inclusion of diverse behavioral labels for both vehicles
and pedestrians. Additionally, [42] unveiled the Euro-PVI dataset,
which encompasses a wide array of data on pedestrians and bicyclists.
Predictive analyses within this dataset were conducted using a joint-g-
cVAE approach. This trend towards sophisticated prediction models is
mirrored in numerous other datasets, reflecting a growing emphasis on
the nuanced understanding of pedestrian behaviors in diverse traffic
situations.

While there have been endeavors to develop models specifically for
surveillance videos [43-45], these models often exhibit lower predic-
tive accuracy. This paper delineates our unique contribution to the
field, distinct from existing research, by introducing an innovative
approach to surveillance dataset construction. Our focus is squarely
on anticipating pedestrian vulnerabilities, thereby offering a novel
perspective on pedestrian safety research and intelligent surveillance
systems.

2.3. Research gaps and motivation

Although various studies have addressed pedestrian detection and
crossing intention prediction, most existing datasets and models are
based on videos recorded from vehicle-mounted cameras, such as the
JAAD and PIE datasets. These datasets focus on pedestrian crossing
intentions and general pedestrian detection but lack the specific con-
text and characteristics of surveillance videos, where pedestrians are
observed from a fixed viewpoint. Moreover, many pedestrian detec-
tion models assume that all observed individuals are in a vulnerable
situation without contextually differentiating safe and potentially vul-
nerable states. These gaps increase demand for a specialized approach
that anticipates pedestrian vulnerabilities using surveillance videos
with contextual annotations. Our work addresses these gaps by intro-
ducing the WatchoutPed dataset, specifically designed for vulnerable
pedestrian anticipation in surveillance videos, and the VPANet model,
which integrates visual and non-visual data to predict pedestrian states
with high accuracy. By doing so, our contributions provide a ro-
bust foundation for advancing pedestrian safety monitoring in urban
environments.
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Table 1
Properties of the proposed WatchoutPed dataset.
Property

Number of video clips 180
FPS (Frames per Second) 10
Length of each clip 30s
Total number of frames 54K
Total number of instances 98,502
Safe class 43,363
Unsafe class 55,139

3. Dataset

To construct a dataset for anticipating vulnerable pedestrians, we
utilize the videos publicized in [46]. These videos, recorded using
surveillance cameras in school zones, are part of the dataset in [46].
This AIHub dataset [46] comprises video clips, each lasting 30 s, cap-
tured in Ultra High Definition (UHD) resolution (3840 x 2160 pixels)
at a frame rate of 10 FPS. The dataset provides clip-level annotations
highlighting dangerous pedestrian behavior, such as jaywalking, falling
on the road, and walking in the driveway. In addition, the dataset
provides frame-level annotations, encompassing bounding boxes for
various objects such as vehicles, pedestrians, traffic lights, and cycles.

From the video clips, we selected 180 clips that distinctly capture
pedestrians walking and crossing on roads or sidewalks. Table 1 shows
the overall properties of our WatchoutPed dataset used in this study.
For the purpose of model training, bounding boxes and corresponding
ground truth labels for each pedestrian (categorized as either in a
safe or unsafe state) were generated for every frame using our auto-
labeling method, which is described in the following subsections. Please
note that for the experiments, human-verified labels were also es-
tablished for the experiments, with details provided in Section 5.5.
During training, automatically generated labels were used, except in
the ablation study in Section 5.5, which evaluates the effectiveness
of these automatically generated labels compared to those refined by
human intervention. For accurate evaluation of the trained models,
human-verified labels are used during testing.

3.1. Auto-labeling method

Annotations, encompassing bounding boxes in the image and cor-
responding state labels of pedestrians for each frame, are essential for
training models aimed at anticipating vulnerable pedestrians. However,
the manual annotation process is time-consuming and labor-intensive.
To address this challenge, we introduce an auto-labeling method that
combines ground region estimation with pedestrian state estimation.

3.1.1. Ground region estimation

To determine whether each pedestrian is in a safe or unsafe state,
it is necessary to know where the pedestrian is standing. Semantic
segmentation results in the vicinity of the pedestrian can be used
for this purpose. However, accurately recognizing ground regions in
a single-camera setup poses significant challenges, primarily due to
occlusions by moving objects like pedestrians, cyclists, and vehicles.
To mitigate the occlusion, we adopt ground region estimation [47],
focusing on the characteristic that background elements remain static
over time in fixed surveillance cameras.

To utilize the temporal consistency of the background, the probabil-
ity of ground-related classes of the semantic segmentation is averaged
over frames as follows:

3 o Sex(X)oM, (%)
Yo My (®)

where G, is the ground region map at the ith frame, S, ,(x) € R¥*C is
the probability map of each class ¢ for every pixel x obtained from the

(€Y

G;(x) = argmax,
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semantic segmentation, M, (x) is the binary mask that indicates whether
pixel x is associated with ground-related classes. Specifically, M, (x) is
set to 1 if the class with the highest probability at S ,(x) is one of the
predefined ground-related classes, and O otherwise. This mask is used
to filter out irrelevant pixels not related to the ground-related classes.
o is the element-wise multiplication.

Please note that for semantic segmentation, we employ the
Mask2Former [48] with a Swin-L backbone, which has been pre-trained
on the Mapillary Vistas dataset [49]. For the ground-related classes, we
specifically focus on the following classes that are relevant to ground
elements and are frequently observed in the dataset [46] used in this
paper: [curb, curb cut, road, sidewalk, lane marking (crosswalk), lane
marking (general), and terrain].

3.1.2. Pedestrian state estimation

The pedestrian state can be determined by where the pedestrian
stands in the road environment. Specifically, we assume that a pedes-
trian is in an unsafe state if they are positioned on a road or crosswalk.
Conversely, their state is considered safe if they are situated on a
sidewalk.

In a surveillance camera setup, the region around a pedestrian’s feet
is typically encompassed by the ground region they are standing on,
due to the high positioning of the cameras. Based on this observation,
the pedestrian state estimation is devised to determine whether the
pedestrian is in a safe or unsafe state. Initially, pedestrian tracks are
extracted using ByteTrack [50], trained on the CrowdHuman [12] and
MOT20 [51] datasets. Following this, the location of each pedestrian
is determined based on the predominant ground region class within
the bottom 10% of their bounding box in the ground region map. If
a pedestrian is positioned on the sidewalk, curb, curb cut, or terrain,
their corresponding bounding box is labeled as safe’. Conversely, if
they are located on lane markings or the road, the assigned label is
‘unsafe’.

Through this process, a total of 98,502 instances were generated,
encompassing 43,363 safe instances and 55,139 unsafe instances. It is
important to note that any instances with a duration shorter than three
seconds, including both observation and anticipation periods, were
excluded from the dataset. Please note that any instances shorter than
30 frames are ignored, as the model requires 20 observation frames
and predicts 10 frames after which will be described in the following
Section 4.1.

Fig. 2 illustrates examples of both ground region estimation and
pedestrian state estimation. The figure demonstrates the ability to
generate the ground region map even in the presence of occlusions
caused by moving objects. It also shows the pedestrian state estimation
could generate reasonable annotations.

4. VPANet: Vulnerable Pedestrian Anticipation Network
4.1. Observation length and anticipation time

In this paper, we propose a Vulnerable Pedestrian Anticipation
network (VPANet), which is designed to predict vulnerable pedestrians
who are likely to be in an unsafe state on the road or crosswalk,
thereby aiming to enhance pedestrian safety. The VPANet is tailored
to improve the accuracy of forecasting pedestrian vulnerability based
on their historical movement patterns. Our objective is to determine
whether a pedestrian is in a vulnerable situation regarding safety in
the future frame, based on their past movements. In our analysis,
we define three critical temporal points, illustrated in Fig. 3: the
experimental start frame, the current frame, and the prediction frame.
The experimental start frame marks the commencement of tracking
a pedestrian’s trajectory. The current frame signifies the end of the
observation period and the beginning of the predictive analysis. The
duration from the experimental start frame to the current frame, known
as the observation length (m), is the time window where we gather
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(a)

(b)

©

Fig. 2. Results of the auto-labeling method (a) input image with generated annotations (i.e., the red boxes indicate pedestrians in unsafe situations, while the green boxes

indicate pedestrians in safe situations), (b) segmentation map, (c¢) ground region map.
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Fig. 3. Observation Length and Anticipation Time The observation length (m) and anticipation time (n) are defined, observing from frame (t-m) to (t). The frame at the start
of observation is designated as the "Experimental Start Frame (t-m)”, and the frame where observation ends and prediction begins is termed the "Current Frame (t)”. Following
this, the prediction process starts, and the frame where anticipation concludes is labeled the "Prediction Frame (t+n)”. This setup is used to anticipate whether a pedestrian is in

a safe or unsafe situation, and the results of this prediction are then outputted.

data on the pedestrian’s prior behavior; in our experiments, this is set
to 20 frames as (x,_,9, X,_1g5 X;_17> - - - » X;)|1, Where x, is the observation
at frame 7. Beyond the current frame, we proceed to the prediction
phase, which concludes at the prediction frame. This frame represents
the future point where we assess the pedestrian’s risk of encountering
unsafe conditions. The anticipation time in our model is the duration
between the current frame and the prediction frame, which is a critical
interval in our predictive analysis. The anticipation time is set to 10
frames to predict the pedestrian crossing intention 10 frames later as
Dit1> Vis2s Yiads - -5 Yer10)|t, where y, is the prediction at frame .

4.2. Problem definition

The proposed model uses observed information included in past
frames from surveillance videos, including both visual and non-visual
inputs. Depending on the type of input, the network is divided into two
branches: visual and non-visual branches. In the visual branch, three
types of visual inputs for each pedestrian are used: local context, global
context, and local surround. Conversely, the non-visual branch solely
utilizes one type of input, which is the bounding box. Subsequently,
the output from each branch goes through an attention mechanism,
ultimately aiming to predict pedestrians who are likely to be in an
unsafe state. The overall structure is described in Fig. 4.
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Fig. 4. Architecture of our proposed vulnerable pedestrian anticipation network (VPANet) VPANet is composed of four inputs: bounding box(L,,,), local context(LC,,),
global context(GC,,), local surround(LsS,,). In particular, the three visual inputs are integrated into a visual branch, each passing through a CNN and GRU being processed by an
attention mechanism, resulting in the vector V,,. The non-visual input, represented by the bounding box, independently passes through a GRU and an attention module, yielding

the vector V,

nvb»
4.3. Input acquisition

4.3.1. Visual branch

In the visual branch, three types of inputs are employed: local
context, global context, and local surround. Depending on each input
type, visual image features are extracted by a CNN backbone for each
pedestrian observed in frames from videos. The CNN layers extract
spatial features, allowing the model to capture key information about
the pedestrian’s behavior and the overall scene flow. We used the
VGG19 [52] as the CNN backbone, which has been pre-trained on the
ImageNet dataset, in conjunction with a max pooling layer. These fea-
tures are subsequently fed into a gate recurrent unit (GRU) network, an
RNN-based encoder. It is known that GRU, which is a simpler structure
than LSTM, enhances efficiency and thus results in quicker training. The
GRU layers capture temporal intent from sequential frames, playing a
crucial role in tracking changes in the pedestrian’s state and predicting
their future movements. In this context, the GRU module comprises 256
hidden states. Following this, the outputs of the three input features
are concatenated and fed into another GRU. The final output from this
latter GRU is then passed through an attention mechanism to yield the
vector V,,, where “vb” abbreviates "visual branch”, distinguishing the
input features between the visual branch (“vb”) and non-visual branch
(“nob”).

The local context feature LC,, is determined as:

LC,y = {Ic™™ Ict=mH L lely, @)

where I¢; represents the local context image. In the equation for this
input feature, i represents the ID of each individual pedestrian within
an image frame. The ID i is sequentially assigned to each pedestrian
appearing in a video and is used for numbering purposes to track past
feature information. The variable ¢ denotes the current frame, while
m represents the observation length. Therefore, /c/™" refers to the local
context image from the frame that is m frames before the current frame
t. Consequently, lc;"“+1 corresponds to the image from the next frame,
t—m+2

1

lc represents the image from the following frame, and so on, up

which is also concatenated with the output of the visual branch, V,,. Ultimately, this integration extracts a ‘safe’ or ‘unsafe’ state.

to the final image at the current frame ¢, Ic. These sequential past
local context images are extracted and used as input to the model. Such
notation interpretation is also consistently applied to other visual input
feature equations.

The behavior of the pedestrian is profoundly influenced by interac-
tions with surrounding traffic participants. The surrounding region con-
tains various information that can greatly impact pedestrian behavior,
such as traffic lights, intersections, crosswalks, and roads. Therefore,
to precisely predict and anticipate the state of pedestrians walking on
the road, it is essential to thoroughly consider the visual information
of the target pedestrians and the objects they interact with in their
surroundings. For this purpose, the input feature, Ic;, extracted the area
around the target pedestrian by 1.5 times the size of the 2D bounding
box coordinates and resized them to 224 x 224 pixels as RGB images.
This cropped image is then processed through a pre-trained VGG19
network through a max pooling layer with 14 x 14 kernel for feature
extraction. The output dimensions become (m, 512), where 512 denotes
the number of channels.

The global context feature GC,, is determined as:

GC,y = {gel™, gel™™ . g}, 3)

where gc; denotes the semantic segmentation values. This value ac-
curately distinguishes each object, providing detailed information that
surpasses simple object recognition, indicating which sections are roads
and which are pedestrians. Moreover, the results from this segmenta-
tion include valuable information that aids in understanding interac-
tions within the roadway environment. The semantic map is extracted
using the DeepLabV3 model pre-trained on the Cityscapes dataset [11]
and encompasses both the global scene and road information. In the
end, the features are outputted through 512 channels to match the
dimensions of other input features.
The local surround feature LS, is determined as:

LS, = {Is'™™, 1si=m¥ It Q)
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where ¢ denotes the latest temporal frame. As previously mentioned in
the local context section, the area surrounding the pedestrian predom-
inantly contains information from traffic agents interacting with the
pedestrian, which plays a substantial role in anticipation. Therefore,
this input feature only utilizes the image area surrounding the pedes-
trian. /s; is extracted the area around the target pedestrian by 1.5 times
the size of the 2D bounding box coordinates, but the region within
the pedestrian bounding box grayed out, thereby emphasizing only
the pedestrian’s surrounding area. The input layer for local surround
produces an output vector of dimensions (m, 512), in conjunction with
a 14 x 14 kernel max pooling layer.

4.3.2. Non-visual branch
As a non-visual input, the bounding box input is used. The bounding
box feature L,,, is determined as:

Ly = {17 17m0 iy, 5)

where “nvb” is used as an abbreviation for ‘“non-visual branch”. Similar
to the visual input features, i represents the pedestrian ID sequentially
assigned to each pedestrian appearing in the video, ¢ denotes the
current frame, and m represents the observation length. Therefore, /{™"
refers to the pedestrian’s bounding box coordinates at frame 1—m, I;""“
corresponds to the bounding box coordinates at frame ¢t —m + 1, and so
on, until extracting the bounding box coordinates at the current frame
1, denoted as /i. These sequential coordinates are extracted and used
as input. /; = [x,, ¥}, X,, ¥,] € R* represents a 2D bounding box, which
is composed of coordinates determined by the top-left ([x;,y;1) and
bottom-right ([x,, ,1) of each pedestrian. The bounding box provides
the exact location of the pedestrian. The bounding box consists of four
coordinates, thus having a dimension of m x 4.

4.4. Recurrent block

To capture the temporal dynamics of the input features, we em-
ployed a Gated Recurrent Unit (GRU) [53], a type of recurrent neural
network that offers a simpler architecture compared to the Long Short
Term Memory (LSTM) layer [54,55]. The GRU model operates through
a series of gated mechanisms that control the flow of information. The
equations governing the kth level of the GRU operation are as follows,

o= o(Wx + R W 4 ), ©®
to_ Xzt t—1yy hz z

z, = oc(Wx + T W/ +¢)), @

B, = tanh(W"x, + WG, @ B + ), ®)

Ho=(1=z) @R, +2 @, ©)

where o denotes the sigmoid function, r} is the reset gate. W represents
the weight matrices, x| is the input vector at time t, h;;l is the previous
hidden state, and s ci, ¢, are the bias term. The update gate z;(
is a vector, which takes as input the current input x|, the previous
hidden state h;{‘l. The candidate hidden state h;c is calculated using a
hyperbolic tangent function. The reset gate | with h;c‘] is multiplied,
and the last hidden state is hj{, which combines the candidate hidden
state and the previous hidden state to produce the current hidden state.
Specifically, the update gate and reset gate effectively retain important
information while filtering out unnecessary data, allowing information
from past frames to be appropriately reflected in predictions for future
frames.
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4.5. Attention layer

The attention mechanism [56] is employed to emphasize relevant
segments of the input data, improving the model’s ability to interpret
the features more effectively. The attention mechanism is designed to
emphasize significant information in each frame, helping the model
focus on essential elements for accurate prediction rather than on
irrelevant features. By dynamically adjusting the importance of each
frame in a sequence, the mechanism assigns higher weights to frames
where the pedestrian’s behavior changes, ensuring that this information
is well-represented in the model’s predictions. The attention output
Vector B, emion 1S the result of the hyperbolic tangent function applied
to the combined form of the attention-weighted hidden state’s sum and
the final hidden state of the encoder, all processed by the weight matrix

W, as below:

ﬁan‘em‘ion =tanh(Vth[ 2 ;hf])’ (10)
weighted
where ¥...meq i the aggregated context after applying attention

weights, and h, represents the encoder’s last hidden state. The aggre-
gate context Y,,;.j.q Tepresents a composite of all previous hidden
states from the encoder, each scaled by its corresponding attention
weights is given by:

=Y ah, )
weighted N
where h; denotes a specific hidden state from the encoder’s output
sequence, and the attention weights «, signify the relevance of each
state. The attention weights «, are calculated as follows:

exp(score(h Jh)
& = T! o ¥ ’ (12)

I exp(score(h, hy))

The last hidden state and each previous hidden state are computed by
taking the dot product of the transformed previous hidden state with

the weight matrix P,

score(hy, 1) = Bl Prygignhs 13)

where P, is a trainable parameter that learns to weigh the relevance
of each hidden state in context to the final hidden state. The output
vector Buiemion Captures the distilled information extracted from the
input sequence, highlighting the model’s capacity for dynamic feature

analysis.
5. Experimental results
5.1. Evaluation metrics

To evaluate and compare the performance of models designed for
predicting pedestrians in vulnerable situations, we employed five rep-
resentative metrics: Accuracy (ACC), Precision, Recall, F1 score, and
Area Under the Curve (AUC). These metrics are the most widely used
in the research field for predicting pedestrian behavior.

Accuracy is a metric indicating how well the model has anticipated
pedestrians being in vulnerable situations. In other words, it compares
the binary values predicted by the model with the pedestrian state,
expressing the proportion of correct predictions out of the total number
of samples. The definition is as follows:

TP+TN

TP+TN+FP+FN’

TP indicates the number of positive samples that were correctly
forecasted to be positive, TN indicates the number of negative samples
that were accurately forecasted to be negative, FP indicates the number
of negative samples that were incorrectly forecasted to be positive, FN
indicates the number of positive samples that were wrongly forecasted
to be negative.

Accuracy = 14
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Precision refers to the ratio of samples that are predicted as positive
by the model and are actually positive. The definition is as follows:

Precision = L, (15)
TP+ FP

Recall, also known as sensitivity, indicates the ratio of samples

that are actually positive among those that the model has predicted

as positive. The definition is as follows:

TP
Recall = TP—{——F]V’ (16)
F1 score represents the harmonic mean of precision and recall,
taking a value between 0 and 1, with closer to 1 indicating better
performance. It is particularly crucial for evaluating performance on
imbalanced datasets. The definition is as follows:

2 X precision X recall

F1 score = 17)

precision + recall

AUC [57] stands for Area Under the Curve and represents the
area under the Receiver Operating Characteristics (ROC) curve. The
ROC curve is frequently used to assess the performance of a model in
classification problems. This curve plots the True Positive Rate (TPR)
on the X-axis and the False Positive Rate (FPR) on the Y -axis. The AUC
ranges between 0 and 1, with values closer to 1 indicating a better
model. The definition is as follows:

m n

AUC:iZ

mn i=1 j=

1(s; > i), (18)
1
where m refers to the number of positive samples, » is the number of
negative samples, s, is the score of the ith positive sample, and s; is
the score of the jth negative sample. 1 is the indicator function, which
returns 1 if the condition inside is true, and 0 otherwise. This formula
examines all pairs of positive and negative samples and calculates the
probability that the predicted score of a positive sample is higher than
that of a negative sample.

5.2. Implementation details

In this study, the proposed model was implemented and trained
on AMD EPYC 7513 32-core processors along with 8 Nvidia RTX
A6000 GPUs, all operating within a TensorFlow framework. For the
visual branch of our model, we employed GRUs configured with 256
hidden units. Additionally, for the training process of VPANet, we
utilized the RMSProp optimizer, setting the learning rate at 5 x 107>,
running for a total of 50 epochs on the WatchoutPed dataset. In an
effort to curb the overfitting in the visual data, a dropout rate of
0.5 was applied following the attention block. The learning rate and
dropout rate were determined through a grid search, which indicated
the best configurations for training stability and model performance.
The chosen values provided the best generalization, ensuring effective
learning, and minimizing loss. We also introduced an L2 regularization
with 0.0001 to the last fully connected layer, which helped further
reduce overfitting. In the experiments, clips were divided into two
subsets; 140 for training and 40 for testing. Accordingly, instances were
assigned to their corresponding subsets. To prevent randomness in the
experiments, each result was evaluated based on the average of five
repeated trials.

5.3. Performance comparison

In our study, a comparative performance analysis was conducted
on the WatchoutPed dataset, pitting our proposed model against six
established benchmark models in pedestrian behavior prediction, as de-
tailed in Table 2. The WatchoutPed dataset consists of videos recorded
by CCTV, and VPANet is a model specifically developed for this
dataset. However, since there were no models previously suitable
for surveillance tasks, comparisons were made with existing pedes-
trian behavior prediction benchmark models. These benchmark models
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include: MultiRNN [58], SingleRNN [17], Stacked with Multilevel
Fusion RNN (SFRNN) [16], Pedestrian Crossing Prediction with At-
tention (PCPA) [18], Multi-Stream Network for Pedestrian Crossing
Intention Prediction (MCIP) [26], and Crossing Intention Prediction
Network based on Feature Fusion Modules (CIPF) [20]. Each model
is distinguished by its unique visual encoder for image extraction and
the integration of varied input feature types, offering a comprehen-
sive assessment of their performance in comparison to our proposed
solution.

Existing benchmark models generally conducted experiments on the
PIE [36] or JAAD [59] datasets, which were recorded from within
an ego-vehicle. Although the WatchoutPed dataset proposed in this
paper is captured by CCTV, it is structurally the same as the PIE
and JAAD datasets. Like the PIE-JAAD datasets, it is divided into an
annotations file and an annotations attributes file. The annotations file
contains mappings for each frame, specifying the pedestrian’s bounding
box coordinates, pedestrian id, and whether each of the nine behaviors
is performed. The annotations attributes file records automatically cal-
culated values for each frame, such as the ‘experimental start frame’,
‘critical frame’, and ‘crossing frame’, along with information on the
pedestrian’s gender and id. WatchoutPed dataset can also be directly
applied to PIE-JAAD-specific models without additional adjustments,
allowing straightforward performance comparisons across models. Ad-
ditionally, each benchmark model utilizes up to six different features.
In Table 2, the features used by each model can be found. ‘L’ represents
Bounding Box coordinates, ‘LC’ stands for Local Context, and ‘GC’
for Global Context, while ‘LS’ denotes Local Surround; these input
features are also utilized in our VPANet and are described in section
4.3. Although not used in VPANet, there are two additional input
features utilized in existing benchmark models: ‘SC’ and ‘LB’. ‘SC’ is
an abbreviation for Scene Context, which refers to the entire image
within a frame, including pedestrians, the ego-vehicle, and all agents
participating in road traffic. ‘LB’ stands for Local Box, which is an image
cropped to the pedestrian bounding box area; combining this image
with the Local Surround image forms the Local Context image area.

The MultiRNN presents the advantage of outputting prediction un-
certainties through Bayesian modeling, providing a certain level of
understanding regarding incorrect forecasts in ambiguous situations.
However, there is somewhat of a limitation in accuracy due to the
sparse information utilized as inputs. Compared to our model, the
MultiRNN model registers lower values by 9.49%, 9.83%, and 5.93%
in terms of accuracy, AUC, and F1 score, respectively.

The SFRNN is a stacked RNN structure that relies on various levels
of input features related to pedestrian crossing action, sequentially
passing through GRU layers from bottom to top. Each modality is
concatenated with the hidden state of the GRU from the previous level,
serving as the input for the GRU in the next level. The hidden state
of the GRU in the last level then becomes the final output prediction.
Compared to our model, SFRNN demonstrates lower performance,
falling behind by 5.21% in accuracy, 8.71% in AUC, and 3.11% in F1
score.

The SingleRNN employs an encoder-decoder structure utilizing
RNN, where the last hidden state passes through a fully connected
layer. This methodology is predominantly reliant on bounding boxes,
lacking the integration of contextual information. As a result, it presents
limitations in accurately capturing the movement and intricate details
associated with pedestrian behavior. In comparison to our model,
SingleRNN exhibits lower performance, with our model outperforming
it by 9.49% in accuracy, 19.24% in AUC, and 5.93% in F1 score.

The PCPA stands out as a pioneering model, incorporating an at-
tention weight vector into its design. Notably, this model utilizes a
3D convolutional branch for encoding local context as part of visual
information. Following this, the 3D convolutional features are flat-
tened and then passed through a fully connected layer. Our model has
achieved significantly higher performance, outpacing PCPA by 14.14%
in accuracy, 12.01% in AUC, and 9.17% in F1 score.
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Table 2
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Comparison of Model Anticipation Performance on the WatchoutPed Dataset. {L: Bounding Box, LC: Local Context, GC:
Global Context, SC: Scene Context, LB: Local Box, LS: Local Surround}.

Model Visual Encoder Features ACC AUC F1 Precision Recall
MultiRNN [58] VGG16 L,LB 0.81 0.77 0.88 0.92 0.84
SFRNN [16] VGG16 L,LB,LS 0.84 0.78 0.90 0.92 0.87
SingleRNN [17] VGG16 L, LB, LS 0.81 0.71 0.88 0.89 0.88
PCPA [18] VGG19+C3D L, LC 0.78 0.76 0.85 0.92 0.79
MCIP [26] VGG19 L,LC,GC 0.87 0.84 0.92 0.95 0.89
CIPF [20] VGG19+C3D L,LC,GC,SC,LB,LS 0.85 0.77 0.91 0.91 0.90
VPANet(Ours) VGG19 L, LC,GC,LS 0.89 0.85 0.93 0.95 0.91

The MCIP processes input features through separate non-visual
and visual modules, uniquely incorporating a semantic segmentation
map, which previous models do not employ. The model applies a
multi-stream encoding technique, sequentially handling each input,
enhancing its comprehension of the entire scene through the global
context input. Despite its innovative approach, when compared to
our model, MCIP has recorded lower performance, lagging behind by
2.07% in accuracy, 1.05% in AUC, and 1.53% in F1 score.

The CIPF skillfully integrates a diverse range of input features to
achieve optimal results. The input data is systematically distributed
across three modules, each designed to handle different types of fea-
tures. Among these, the module responsible for extracting features of
image inputs is divided into two sub-modules: one uses VGG19, while
the other utilizes Convolutional 3D (C3D). Despite the extensive use
of input features, our proposed model has achieved higher results,
showing improvements of 4.6% in accuracy, 10.0% in AUC, and 2.7%
in the F1 score.

Our proposed model, VPANet, utilizes four types of inputs, which
are processed through separate visual and non-visual branches. For
image feature extraction, we employ VGG19. This model has achieved
the highest accuracy in predicting vulnerable pedestrians, reaching an
anticipation accuracy of 89%, surpassing other benchmark models in
comparison.

5.4. Qualitative examples

Fig. 5 illustrates the results of predicting the pedestrian state at
t+ 1 seconds, based on observations from the past 2 s from the current
time (s seconds). In this visualization, red bounding box borders signify
pedestrians forecasted to be in an unsafe state, whereas green borders
indicate those predicted to be safe. The internal color of the bounding
box represents the actual ground truth. In Fig. 5, the first and fourth
rows depict scenarios where pedestrians, initially marked red for being
in an unsafe state at time t, are predicted to shift to a safe state
(indicated by the green border) one second later. This prediction aligns
with the ground truth observed at 7+1 seconds, where these pedestrians
indeed transition into a safe state. Conversely, in the second and third
rows, pedestrians marked green for being in a safe state at time 7 are
anticipated to move into an unsafe state (shown with the red border)
one second later. This forecast is corroborated at ¢+ 1 seconds, as these
pedestrians are observed to be in an unsafe situation, demonstrating
the predictive accuracy of the model.

Fig. 6 presents the qualitative results of an ablation study on
VPANet, which consists of a Visual Branch and a Non-Visual Branch.
This study examines the results when each branch is excluded. The
first, second, and third columns show the predicted safety status of
pedestrians one second into the future, as indicated by the bounding
box borders around each pedestrian. A red box border predicts that the
pedestrian will be in an unsafe situation one second later, while a green
box border predicts safety. The inside of each pedestrian bounding
box indicates whether the pedestrian’s current state is safe or unsafe.
The first column shows predictions made using only the visual branch
inputs, the second column using only the non-visual branch inputs, and
the third column shows the results when both branches of VPANet are
utilized. Both the first and second rows demonstrate that predictions

solely based on the visual or non-visual branch inputs differ from
the ground truth (GT). Correct predictions are only made when both
branches are used together. Particularly in the second row, using each
branch separately results in predictions that are opposite to the GT for
both pedestrians shown. In the third row, even using only the visual
branch inputs accurately predicts an unsafe situation for a pedestrian
one second later. The fourth row shows that using only the non-visual
branch inputs correctly predicts a safe situation for a pedestrian one
second later. Thus, the highest prediction accuracy is achieved when
both branches are appropriately utilized.

Fig. 7 shows the results of applying the proposed auto-labeling
method and VPANet to other CCTV. These videos were captured by
surveillance cameras installed and operated by a Korean local govern-
ment. Our VPANet predicts pedestrian safety status without additional
training and adjustments. In the first row, the model consistently and
accurately predicts the pedestrian moving from the sidewalk to the road
as an unsafe pedestrian (red box). The second row shows the prediction
results for multiple pedestrians. As the pedestrians gradually move from
the road to the sidewalk, the model gradually shifts its predictions from
unsafe (red box) to safe (green box). Once they fully reach the sidewalk,
the model accurately predicts all pedestrians as safe. The third row
highlights the model’s ability to accurately predict a pedestrian moving
from the road to the sidewalk as safe (green box). This example is
particularly noteworthy as it shows the model’s effectiveness even in
challenging conditions where snow makes it difficult to distinguish
between the road and the sidewalk.

5.5. Feasibility of the proposed auto-labeling method

To evaluate the feasibility of the proposed auto-labeling method, we
also establish human-verified labels. This verification process involved
six annotators who precisely reviewed the labels for all video clips. For
this task, the bounding box and the associated pedestrian state class
produced by the auto-labeling method were imported to CVAT [60], en-
abling the annotators to verify each pedestrian state class by observing
the videos within CVAT. Note that for the human verification process,
an extra attribute was added to each bounding box. This attribute
comprised five categories: unchanged, unsafe-start, unsafe-end, safe-
start, and safe-end, as shown in Fig. 8. If an incorrect class was assigned
any period, annotators marked the exact start and end frames of the
pedestrian’s state class using these additional attributes.

The human-verified dataset was then generated by importing these
additional attributes from CVAT. Out of the 98,502 instances in the
dataset, labels for 3,800 instances were revised for accuracy. Specif-
ically, 3,482 instances were initially auto-labeled as unsafe, and 318
instances labeled as safe were corrected by the annotators. In our exper-
iments, the proposed models were trained using both the automatically
generated and the human-verified labels in the training set. While
performances were evaluated on a testing set with human-verified
labels for accurate evaluation.

Table 3 presents the experimental results of predicting vulnerable
pedestrians in an unsafe state using both the automatically generated
labels and the human-verified labels for training. While the AUC and
precision performances remained consistent between both labels, the
accuracy, F1-score, and recall were only 1% lower for the automatically
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Fig. 5. Qualitative Examples. The color inside the bounding box represents the ground truth, and the color of the border represents the predicted value. Green represents safe

pedestrians, while red represents unsafe pedestrians.

Table 3

Comparison of Effects Depending on Training Labels.
Training labels ACC AUC F1 Precision Recall
Automatically generated 0.88 0.85 0.92 0.95 0.90
Human-verified 0.89 0.85 0.93 0.95 0.91

generated labels than the human-verified version of the training set.
These results indicate that some errors exist on the automatically gen-
erated labels did not significantly affect the anticipation performances.
This suggests that the large-scale dataset created using our proposed
auto-labeling technique can achieve performance near state-of-the-art
results, without the need for exhaustive human verification.

5.6. Impact of the training set on performance

To explore how the predictive performance of our models on the
WatchoutPed dataset is influenced by varying the size of the training
set, we carried out a series of systematic experiments, the results of
which are outlined in Table 4. We methodically increased the size of
the training set, beginning with a baseline of 60 instances and incre-
mentally adding in sets of 20, progressing through 80, 100, 120, and
up to a maximum of 140 instances. During these experiments, the size
of the test set was kept constant to ensure uniformity in performance
comparison across different training set sizes. This approach provided
valuable insights into the scalability and efficiency of our models in
relation to the volume of training data.

10

Additionally, to ensure consistent representation of behavior types,
each training set from the WatchoutPed dataset was structured to
contain a fixed proportion of the nine distinct pedestrian behaviors.
We defined the proportion of each action as follows to construct a
balanced dataset.: driveway walk (11%), fall down (9%), fight (4%),
jaywalk (16%), put umbrella (8%), ride cycle (17%), ride motorcycle
(11%), ride kick (15%), and suddenly appear (9%). The allocation was
designed so that behaviors directly related to pedestrian dynamics, such
as walking on roads and sidewalks, constituted over 10% of the dataset.
In contrast, behaviors with a more indirect relation to pedestrian safety
were limited to less than 10%. When trained with only 60 clips, the
VPANet recorded its lowest performance across all metrics, achieving
an accuracy of 78%. However, as the training set size increased, there
was a notable improvement in performance for all metrics, excluding
AUC. Specifically, the anticipation accuracy showed a steady upward
trend, ultimately reaching a peak of 88% with a training set of 140
clips. There was a minor decrease in AUC by 0.01 when the training
set expanded from 100 to 120 clips, but this metric rebounded to 0.85
with the inclusion of 140 clips. These findings underscore that aug-
menting the training set size, particularly with data generated via our
auto-labeling technique, leads to enhanced anticipation performance.
Nevertheless, it is crucial to consider that expanding the training set
beyond 140 clips could disproportionately dominate the test set, po-
tentially leading to overfitting and a consequent dip in performance.
Thus, maintaining an optimal training-to-testing set ratio is essential to
avoid overfitting and ensure robust model performance.
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Fig. 6. Qualitative examples from an ablation study based on each branch. The first column shows the results predicted using only the visual branch, the second column using
only the non-visual branch, and the third column shows the predictions using both branches of VPANet one second later. The border of each pedestrian bounding box represents
the predicted value, with red indicating that the pedestrian is predicted to be in an unsafe situation one second later, and green indicating that the pedestrian is predicted to be
in a safe situation. The inside of each pedestrian bounding box represents the current state of the pedestrian.

Table 4

Performance Comparison with Increasing the Number of Clips for Training.
# of clips ACC AUC F1 Precision Recall
60 0.78 0.76 0.85 0.92 0.79
80 0.79 0.80 0.86 0.94 0.79
100 0.83 0.85 0.89 0.96 0.82
120 0.86 0.84 0.91 0.95 0.87
140 0.88 0.85 0.92 0.95 0.90

5.7. Ablation study on input features

To evaluate the impact of each input feature on our proposed
VPANet, we conducted an ablation study by removing each feature and
observing the resultant performance changes. The results, as presented
in Table 5, clearly indicate that every input feature contributes pos-
itively to the model’s accuracy. This finding validates the efficacy of
our feature fusion process, confirming the importance of each feature
in enhancing the overall predictive performance of the model.

Firstly, removing the global context derived from object segmen-
tation on the road resulted in the most significant performance de-
cline. The performance comparison is as follows: anticipation accuracy
dropped from 0.88 to 0.83, AUC from 0.85 to 0.81, and F1-score from
0.92 to 0.89 (where the first number represents the performance with
all four input features included, and the second number shows the per-
formance without the global context input). This highlights the critical
role of semantic information from the global context, which provides

11

insights into pedestrian behavior, vehicular dynamics, and road con-
ditions, in enhancing the model’s predictive capability. Subsequently,
excluding the local context, which includes not only the pedestrian
but also the surrounding image, led to the second-largest performance
decline. Compared to the full input performance of 0.88, anticipation
accuracy fell to 0.84 when the local context was excluded. The AUC
remained the same at 0.85, while the F1-score decreased from 0.92 to
0.89. Since the local context captures crucial elements such as nearby
vehicles, and crosswalks, which can affect pedestrian movements, it is
evident that excluding it would engender a substantial performance
decrement. Interestingly, in the absence of pedestrian bounding box
coordinates, there was only a slight decline in anticipation accuracy,
dropping from 0.88 to 0.86. This indicates that just the coordinates
do not have the necessary information to predict the state of a pedes-
trian, therefore coordinates alone are insufficient to determine the
pedestrian’s state. Finally, when considering only the area surrounding
the pedestrian without the pedestrian (local surround), this led to the
smallest decline, with accuracy dropping slightly from 0.88 to 0.87,
while the AUC and F1-score remained unchanged. This minimal change
indicates that it is difficult to predict the state of a pedestrian using only
the surrounding information, without the presence of the pedestrian.

6. Conclusion
This paper addresses the critical issue of pedestrian safety in intelli-

gent traffic systems by focusing on predicting vulnerable pedestrians at
risk of vehicular collisions in an unsafe state. In contrast to most current
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Fig. 7. Qualitative Examples for Generalization. These results include predictions on other surveillance videos. The green box indicates a safe pedestrian, while the red box
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Fig. 8. Example of human verification using CVAT.

Table 5
Comparison of the Effects of the Four Input Features on VPANet Performance.
Local Context Global Context  Local Surround  Bounding Box  ACC AUC F1 Precision  Recall

v v v v 0.88 0.85 0.92 0.95 0.90
- v v v 0.84-0.04 0.85 0.89-0.03 0.97+0.02 0.83-0.07
v - v v 0.83-0.05 0.81-0.04 0.89-0.03 0.94-0.01 0.85-0.05
4 4 - 4 0.87-0.01 0.85 0.92 0.95 0.88-0.02
v v - 0.86-0.02 0.85 0.91-0.01 0.95 0.87-0.03
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methodologies limited to pedestrian detection, tracking, and crossing
intention estimation, our study pioneers the task of anticipating pedes-
trian vulnerability, especially when pedestrians are on the road. Our
notable contributions encompass the development of the WatchoutPed
dataset via an innovative auto-labeling method and the formulation
of the Vulnerable Pedestrian Anticipation Network (VPANet). VPANet
utilizes both visual and non-visual information from prior surveillance
footage to determine the impending state of pedestrians, distinguishing
between safety and risk. Demonstrating superior performance, VPANet
surpasses state-of-the-art pedestrian intention prediction methods by
achieving an accuracy of 98% on the WatchoutPed dataset. Further val-
idating our methodology, models trained with automatically generated
annotations by our labeling technique show performance parity with
human-verified annotations, with a marginal discrepancy of less than
1%. This attests to the potential of our auto-labeling approach in gen-
erating additional annotations for model refinement in target-specific
surveillance videos.

Our research contributes to the field of knowledge-based systems by
providing a robust framework for intelligent decision support and data-
driven optimization in urban safety. We envision that our WatchoutPed
dataset and the VPANet model will be instrumental for ongoing re-
search and enhancements in this field, particularly in applications
related to intelligent urban safety infrastructures. As a future work,
we aim to apply our approach to CCTV systems in real-world settings
through collaboration with local government, integrating alert mech-
anisms to enhance pedestrian safety. Additionally, we seek to further
improve the adaptability and effectiveness of our VPANet in diverse
urban environments. These advancements will help develop a more
robust and practical system for pedestrian safety applications.
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