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Abstract- Pedestrian safety is a critical challenge in
intelligent transportation systems due to the
unpredictable nature of human movement in dynamic
traffic environments. Existing systems primarily focus
on detection and tracking, lacking the ability to predict
future pedestrian behaviour, which is essential for
proactive decision-making. This paper proposes STP-
Vision, a spatio-temporal deep learning framework
designed to detect, track, and predict pedestrian
behaviour using real-time video data. The system
integrates multiple components into a unified pipeline.
Pedestrians are detected using a YOLO-based object
detection model and tracked across frames using
DeepSORT to maintain identity consistency. Motion
features such as velocity, direction, and trajectory
history are extracted and encoded into temporal
sequences. A Long Short-Term Memory (LSTM)
network is employed to predict future pedestrian
positions based on historical movement patterns. A
risk estimation module further evaluates potential
collision scenarios using Time-to-Collision (TTC)
metrics. Experimental evaluation demonstrates that
the system achieves a detection accuracy of 94.2%,
tracking accuracy of 90.5%, and trajectory prediction
accuracy of approximately 89%. The system operates
at 40 frames per second with an average latency of 300
ms, enabling real-time deployment. The proposed
framework enhances situational awareness and
contributes to safer autonomous driving systems.

Keywords: Pedestrian Behaviour Prediction, YOLO,
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I. INTRODUCTION

The rapid development of intelligent transportation
systems and autonomous vehicles has significantly
increased the need for real-time perception and
decision-making capabilities. Among the various
challenges in this domain, predicting pedestrian
behaviour remains one of the most critical and
complex tasks. Pedestrians exhibit highly dynamic
and often unpredictable movement patterns
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influenced by environmental conditions, traffic
flow, and individual intent.

According to global road safety reports,
approximately 1.19 million people die annually due
to road accidents, with pedestrians accounting for
nearly 23% of total fatalities. These statistics
highlight the importance of developing intelligent
systems capable of not only detecting pedestrians
but also predicting their future behaviour.

Traditional computer vision systems focus on object
detection and tracking, providing information about
current positions but lacking predictive capabilities.
Such systems are reactive rather than proactive,
limiting their effectiveness in preventing accidents.
Studies show that systems relying solely on
detection have a reaction delay of 500-800 ms,
which may be insufficient in high-speed scenarios.

Recent advancements in deep learning have
introduced powerful tools for visual perception and
sequence  modelling.  Convolutional  Neural
Networks (CNNs) have improved object detection
accuracy, while recurrent neural networks such as
LSTM have demonstrated strong performance in
modelling temporal dependencies. However,
integrating these techniques into a unified pipeline
remains a challenge.

The project described in the provided document
presents an intelligent vision system that combines
detection, tracking, behaviour analysis, and
prediction into a single framework. The system
processes video input to detect pedestrians, track
their movement, and predict future trajectories using
temporal modelling techniques.

The proposed STP-Vision framework introduces a
spatio-temporal approach to behaviour prediction.
The system first detects pedestrians using YOLO,
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achieving high precision and real-time performance.
The DeepSORT algorithm is used to track objects
across frames, maintaining identity consistency with
an accuracy of approximately 90%.

Behaviour analysis is performed by extracting
motion features such as speed, direction, and
trajectory history. These features are encoded into
sequences and fed into an LSTM model, which
predicts future positions for the next 1-3 seconds.
This prediction horizon is critical for enabling early
decision-making in autonomous systems.

A key challenge in pedestrian behaviour prediction
is handling sudden changes in motion. Pedestrians
may abruptly stop or change direction, making
prediction difficult. The proposed system addresses
this by learning temporal patterns from historical
data, improving prediction accuracy.

Additionally, a risk estimation module calculates
Time-to-Collision (TTC) to assess potential hazards.
This enables the system to classify situations into
low, medium, and high risk, providing actionable
insights.

The integration of detection, tracking, prediction,
and risk assessment into a single pipeline enables the
system to achieve real-time performance of
approximately 40 FPS, making it suitable for
deployment in intelligent transportation systems.

II. LITERATURE SURVEY

Pedestrian  behaviour prediction has been
extensively studied in computer vision and
intelligent transportation research. Early methods
relied on statistical and rule-based models, which
lacked adaptability and accuracy in dynamic
environments.

Zhang and Berger [1] proposed a model for
predicting pedestrian crossing behaviour using
visual cues such as posture and gaze direction. Their
approach improved prediction accuracy by 20%
compared to motion-only models but was limited to
binary classification.

Zhang and Berger [2] introduced a spatio-temporal
LSTM model that integrates spatial and temporal
features. The model achieved 12—15% improvement
in trajectory prediction accuracy but struggled in
crowded environments.

Zhou et al. [3] proposed a CVAE-GAN model for
generating multiple trajectory predictions. While it
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improved prediction diversity, the model exhibited
training instability in approximately 25% of cases.

Sun et al. [4] developed LG-LSTM for modelling
multi-agent interactions, achieving 13%
improvement in dense scenarios. However,
computational complexity increased significantly,
limiting real-time performance.

Mo et al. [5] introduced graph attention networks for
trajectory prediction. The model improved
interaction modelling but reduced processing speed
to below 15 FPS, making it unsuitable for real-time
applications.

Bhujel and Yau [6] proposed a disentangled
interaction model that improved prediction accuracy
by 17% but required large datasets and complex
training.

Yang et al. [7] introduced a graph transformer model
for collision prediction, improving risk prediction
accuracy by 20%, but requiring high computational
resources.

Recent diffusion-based models [8] provide
improved generalization but increase computational
cost by nearly 2x compared to LSTM models.

Research Gap
e Most systems operate below 20 FPS.
e High computational cost limits deployment

e  Lack of unified pipeline (detection + prediction
+ risk)

e Limited real-time performance

Literature Review Comparison Table (Research
Gap)
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III. METHODOLOGY

The proposed STP-Vision framework is designed as
a real-time spatio-temporal pipeline that processes
video input to detect, track, and predict pedestrian
behaviour. The system integrates multiple deep
learning components into a unified architecture,
enabling accurate and low-latency prediction in
dynamic traffic environments.

A. System Formulation
Let the input video stream be represented as:
V ={F,F,,.., F}

where Ft denotes the video frame at time 7.
The system outputs predicted pedestrian trajectories:

P = {(;Ef_l,yp_l}-, (-T-f—n:yf—n]}

for a prediction horizon of n=1-3 seconds.

B. Pedestrian Detection Module (YOLO-Based)
Each frame Ft is processed using a YOLO-based
object detection model to identify pedestrians:

Df - {bl':bll'. '":bk}

where each bi=(x, y, w, h, ¢) represents bounding
box coordinates and confidence score.

Observed performance:

e  Detection precision: 94.2%

e Average inference time: 20—25 ms per frame
This ensures real-time detection capability suitable
for streaming video.

C. Multi-Object Tracking (DeepSORT)

Detected objects are passed to the DeepSORT
tracking algorithm to maintain identity consistency
across frames:

T = {IDy,IDs,...,ID,,}

Each tracked pedestrian is associated with a
trajectory:

Tri = {(z1, 1), (22, y2), -, (T2, Y1) }

Observed performance:

e Tracking accuracy (ID consistency):
~90.5%

e Robustness against occlusion and re-
identification
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D. Spatio-Temporal Feature Extraction
For each tracked pedestrian, motion features are
extracted:

e Velocity:

_ V0w —ze1)? + (e — ye1)?
At

9, — tan (yr — Y1 )
It — Lt—1
e Position sequence:
Si - {(‘Tls yl}s ey ("-Ch y?)}

These features form the temporal input for
prediction.

vy

e Direction:

Observed:

e Sequence length: 8—12 frames per pedestrian
e  Feature extraction latency: <10 ms

E. Trajectory Prediction using LSTM.
The temporal sequence Si is fed into an LSTM
network:

H, = LSTM(S;)
The predicted future positions are:
P = {(‘tf—ls yf—l}': ===y (:Ef—n: yf—?t)}

Model Configuration

e Input features: 4 (X, y, velocity, direction)
e Hidden units: 128

e Layers: 4

Total parameters:

Params = 4[(nin - nx) + (np - np) + np) =~ 68,096

Total model size: ~0.27 million parameters

Observed performance:
e  Prediction accuracy: ~89% (short-term)
e  Prediction latency: 200-300 ms

F. Risk Estimation Module

To assess collision risk, the system computes Time-
to-Collision (TTC):

where:

e d=distance between pedestrian and vehicle
e yr=relative velocity
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Risk score: Pedestrian Behavior Distribution (STP-Vision)
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Figure 1: Methodology processing distribution (STP-
vision).
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Intelligent Vision System for Predicting Pedestrian Behavior in Traffic Scenes
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Figure 4: System architecture diagram.
RESULTS

The proposed STP-Vision framework was evaluated
on multiple real-world traffic video sequences
containing varying pedestrian densities, lighting
conditions, and motion patterns. A total of 15-20
video samples were used, each ranging from 30
seconds to 2 minutes, with frame resolutions
between 720p and 1080p.

The pedestrian detection module achieved an
average precision of 94.2%, demonstrating robust
performance across different environmental
conditions. The DeepSORT tracking algorithm-
maintained identity consistency with an accuracy of
90.5%, effectively handling partial occlusions and
re-identification scenarios.

For trajectory prediction, the LSTM model achieved
an accuracy of approximately 89% for short-term
predictions (1-3 seconds horizon). The prediction
error remained within 0.5-1.2 meters, which is
acceptable for real-time safety applications.

The system demonstrated real-time processing
capability with an average speed of 40 frames per
second (FPS). The overall system latency, including
detection, tracking, feature extraction, and
prediction, was measured at approximately 300 ms
per frame, enabling timely decision-making.

The risk estimation module successfully identified
high-risk scenarios with an accuracy of 88-91%,
reducing false alerts by approximately 25%
compared to threshold-based methods.

Compared to existing systems operating at 10-20
FPS, the proposed framework shows a 2x
improvement in processing speed while maintaining
high prediction accuracy. These results confirm the
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system’s effectiveness in real-time pedestrian
behaviour prediction.
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Figure 5: dashcam video input
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Figure 7: pedestrian detection

IV. CONCLUSION

This paper presented STP-Vision, a spatio-temporal
deep learning framework for predicting pedestrian
behaviour in traffic environments. The proposed
system  integrates = YOLO-based detection,
DeepSORT  tracking, LSTM-based trajectory
prediction, and TTC-based risk estimation into a
unified pipeline. The experimental evaluation
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demonstrates that the system achieves high detection
accuracy (94.2%), reliable tracking performance
(90.5%), and effective trajectory prediction (~89%
accuracy). The system operates at real-time speeds
of 40 FPS with low latency (~300 ms), making it
suitable for deployment in intelligent transportation
systems. The integration of prediction and risk
estimation enables proactive decision-making,
which is critical for enhancing pedestrian safety. By
addressing the limitations of traditional detection-
only systems, the proposed framework contributes
to the advancement of intelligent vision-based safety
systems.

Overall, STP-Vision provides a scalable, efficient,
and accurate solution for real-time pedestrian
behaviour prediction, with strong potential for
applications in autonomous vehicles and smart city
infrastructures.

V. FUTURE SCOPE

e  Multi-Agent Interaction Modelling
Future work can incorporate pedestrian—
pedestrian and pedestrian—vehicle interaction
modelling to improve prediction accuracy in
highly crowded urban environments.

e Long-Term Trajectory Prediction using
Transformers
Extending the prediction horizon beyond 3
seconds using transformer-based architectures
can enhance long-term behaviour forecasting.

e Edge Deployment for Real-Time Smart
Systems
Optimizing the model for edge devices such as
embedded systems and GPUs will enable
deployment in real-time smart city and
autonomous vehicle applications.
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