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Abstract

Pedestrian safety remains a critical challenge in urban environments and pedestrians account 
for approximately 21% of all traffic fatalities in Turkey. A major contributor to this risk is the 
uncertainty inherent in pedestrian–driver interactions at unsignalized crosswalks where driv-
ers yield in only 29% of observed cases. Misinterpretation of pedestrian intentions in such 
ambiguous situations can lead to hazardous outcomes. This study addresses this problem by 
developing and comparing machine learning models that predict pedestrian crossing intention 
with high reliability. A comprehensive dataset containing 4, 835 pedestrian observations was 
created by combining the widely used JAAD, PIE, and PSI datasets. For each pedestrian, fifteen 
consecutive video frames were analyzed to extract kinematic features such as position and 
acceleration along with social interaction cues derived from nearby pedestrians. Three neural 
network architectures were evaluated using a two-stage transfer learning procedure. The mod-
els included a Bidirectional Long Short-Term Memory network (BiLSTM), a Social-LSTM incor-
porating social pooling mechanisms, and a Transformer model designed to capture complex 
temporal dependencies. Performance evaluation demonstrated that the Social-LSTM architec-
ture achieved the highest overall performance with a precision of 85.02% and an F1-score of 
84.57% by explicitly modeling the social context. Conversely, the Transformer model recorded 
an F1-score of 83.44% and suggested that architectural complexity does not guarantee superi-
or performance when training data is limited. The BiLSTM provided a strong, kinematic-focused 
baseline with an F1-score of 84.06%. These findings confirm that sequential machine learning 
models can effectively anticipate pedestrian crossing intentions. The results highlight that in-
corporating social behavioral theories into engineering solutions is essential for developing 
robust collision warning systems aimed at reducing pedestrian–vehicle conflicts.
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1	I ntroduction

Urban transportation systems are undergoing a paradigm shift towards Vision Zero which 
aims to eliminate all traffic fatalities and severe injuries. Despite advancements in vehicle 
safety technologies and infrastructure design, pedestrians remain the most vulnerable com-
ponent of the traffic ecosystem. According to the World Health Organization, pedestrians 
constitute approximately 23% of global road traffic deaths [1]. This highlights a critical need 
for robust safety interventions particularly in dense urban environments. The risk of pedes-
trian-vehicle conflict is particularly acute at unsignalized crosswalks where right-of-way rules 
are often ambiguous or disregarded. 

Urban mobility and traffic safety



792 Urban mobility and traffic safeTy
9th International Conference on Road and Rail Infrastructure - CETRA 2026

In such environments, traffic safety depends not on signal phases but on the cognitive inter-
pretation of behavioral cues which is a negotiation process described as joint attention [2]. 
Studies indicate that driver yielding rates at unsignalized crossings remain dangerously low 
in many regions, forcing pedestrians to make high-risk crossing decisions. To mitigate these 
risks, modern transport engineering must move beyond static infrastructure improvements 
to dynamic and intelligent solutions that can anticipate conflicts before they occur. Pedes-
trian Intention Prediction has emerged as a vital technology for Advanced Driver Assistance 
Systems and autonomous vehicles. Unlike traditional tracking methods that predict future 
positions based on Newtonian physics, intention prediction aims to estimate the cognitive 
state of the pedestrian before the physical action begins [3]. In this study, crossing intention 
is operationally defined as the probabilistic estimation of a pedestrian’s cognitive commit-
ment to enter the roadway within a future horizon of 0.5 to 1.0 seconds. This formulation 
distinguishes intention, which is the decision making phase inferred from behavioral cues 
such as head orientation and gait change, from the physical action of crossing. This distinc-
tion allows the system to generate alerts during the critical phase prior to movement. This 
capability provides a crucial safety buffer of 0.5 to 2.0 seconds allowing the vehicle to react 
smoothly and prevent collisions.
The literature on pedestrian behavior modeling has evolved from simple physical models to 
complex data-driven approaches. Early research relied on hand-crafted features and shallow 
learning methods. For instance, Völz et al. [4] utilized Support Vector Machines with features 
like optical flow to predict crossing probability. Similarly, Fang et al. [5] demonstrated the 
importance of body pose estimation as a precursor to movement. However, these methods 
often failed to capture the temporal evolution of human decision-making.
With the advent of deep learning, Recurrent Neural Networks and Long Short-Term Memory 
units became the standard for modeling temporal traffic data. Saleh et al. [6] and Rasouli et 
al. [7] showed that stacked LSTMs could effectively fuse visual context with motion history. 
Yet, a major limitation remained as pedestrians do not move in a vacuum. Their behavior is 
heavily influenced by the presence and movement of other road users which is a concept 
rooted in the Social Force Model originally proposed by Helbing and Molnar for crowd dynam-
ics [8]. Addressing this, Alahi et al. [9] introduced the Social-LSTM which integrates a social 
pooling layer to share information between neighboring pedestrians thereby mathematically 
modeling the group interactions and avoidance behaviors observed in dense urban centers. 
Recently, the Transformer architecture has challenged LSTM-based dominance in sequence 
modeling [10]. Transformers offer the theoretical advantage of capturing long-range depend-
encies in complex traffic scenes. However, their application in safety-critical transportation 
tasks raises questions regarding data efficiency and robustness. Unlike LSTMs which process 
time sequentially, Transformers process sequences in parallel which may require significant-
ly larger datasets to learn the causal relationships inherent in traffic safety scenarios [11].
Distinct from existing studies that predominantly focus on accuracy metrics within sanitized 
benchmarks, this work contributes to the literature by empirically identifying a critical safety gap 
in real-world deployment. We hypothesize that explicit modeling of social interactions provides 
greater safety benefits than purely kinematic or attention-based approaches for pedestrian inten-
tion prediction at unsignalized crosswalks. To test this, we constructed a large-scale and hetero-
geneous dataset by integrating three benchmark datasets totaling 4, 835 pedestrian samples. We 
systematically compare three architectures including BiLSTM, Social-LSTM, and Transformer by 
evaluating them on their ability to minimize false negatives in collision-prone scenarios.
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2	 Method 

The proposed framework establishes a proactive safety assessment mechanism for unsignal-
ized crosswalks using deep learning techniques. The methodology is structured to translate 
raw video data from urban traffic scenes into actionable intention predictions. This process 
involves three key stages: (1) the aggregation of heterogeneous traffic datasets to represent 
diverse conflict scenarios, (2) the formulation of sequential models to capture pedestrian 
kinematics and social interactions, and (3) a transfer learning strategy designed to calibrate 
these models for high-uncertainty environments.

2.1	D ata acquisition and traffic scenario representation

To ensure the proposed models are robust against the stochastic nature of mixed traffic 
flows, this study integrates data from three diverse sources: JAAD [7], PIE [12], and PSI [13]. 
Unlike controlled laboratory experiments, these datasets capture naturalistic road user be-
havior in dense urban environments across North America and Europe. The combined data-
set comprises 4, 835 unique pedestrian trajectories, specifically filtered to focus on critical 
interaction zones at unsignalized mid-block crosswalks and intersections. It is important to 
note that while these datasets provide diverse scenarios, they predominantly feature clear 
weather and optimal lighting. Following prior literature [15, 16], we acknowledge that adverse 
environmental conditions (e.g. rain, low light) introduce additional sensory noise and be-
havioral shifts such as increased walking speeds which remain a critical challenge for the 
robustness of vision-based systems.
The input state for each pedestrian at a given time step is defined by a kinematic feature 
vector that includes horizontal and vertical position, velocity, and acceleration components. 
These features are obtained from the centroids of pedestrian bounding boxes extracted from 
consecutive video frames. To account for scale variations resulting from different camera 
perspectives, such as dashboard-mounted cameras and fixed roadside cameras, all spatial 
coordinates are normalized with respect to the video frame width and height. This normaliza-
tion ensures that the models learn relative motion patterns that are indicative of pedestrian 
crossing intention, such as deceleration before reaching the curb, rather than overfitting to 
absolute pixel coordinates.

2.2	Modeling pedestrian dynamics

Pedestrian crossing is not merely a physical action, but a complex decision-making process 
influenced by internal goals and external social forces. We evaluated three architectures to 
model these dynamics.

2.2.1 Kinematic modeling: Bidirectional LSTM

The Bidirectional Long Short-Term Memory (BiLSTM) network serves as the baseline, mode-
ling the pedestrian’s internal state based purely on motion history. In transportation dynam-
ics, a pedestrian’s future action is strongly correlated with their immediate past trajectory. 
The LSTM unit mitigates the vanishing gradient problem common in standard RNNs, allowing 
the model to learn temporal dependencies over the 15-frame observation window (approxi-
mately 0.5 seconds). This window size was specifically selected to balance the need for suf-
ficient temporal context with the requirement for low latency inference in real time collision 
avoidance systems. The bidirectional nature allows the network to preserve context from 
both the start and end of the observed sequence, effectively smoothing noisy data inherent 
in frame-by-frame tracking data [6].
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2.2.2 Interaction modeling: Social-LSTM

In crowded urban spaces, pedestrian velocity and movement direction are constrained by 
surrounding agents. This phenomenon is classically described by Helbing’s Social Force 
Model [8], in which interactions between pedestrians are conceptualized as repulsive or at-
tractive forces that shape collective motion behavior. The Social-LSTM architecture [9] oper-
ationalizes this theoretical concept within a deep learning framework through the use of a 
social pooling mechanism. For a given target pedestrian, the model identifies all neighboring 
pedestrians located within a spatial radius of five meters. This threshold is consistent with 
the interaction horizons defined in the Social-LSTM framework [9] and represents the critical 
perceptual zone in which pedestrians typically respond to surrounding motion dynamics in 
urban traffic environments. Information from pedestrians outside this radius is assumed to 
have a negligible influence on short-term intention prediction within a prediction horizon of 
0.5 to 1.0 seconds.
The internal hidden representations of the neighboring pedestrians from the previous time 
step are aggregated through the social pooling mechanism to construct a representation of 
the local social context. This social context representation is then combined with the target 
pedestrian’s own kinematic features and provided as input to the recurrent network. This 
mechanism enables the model to implicitly learn group-level behaviors, such as a pedestrian 
stopping or slowing down in response to the actions of a leading pedestrian, thereby captur-
ing the collective intelligence and interaction dynamics of pedestrian crowds.

Figure 1	 Schematic representation of the Social-LSTM architecture and the social pooling mechanism used to 
capture pedestrian-to-pedestrian interactions

2.2.3 Global context modeling: Transformer

While LSTMs process data sequentially, the Transformer architecture [11] utilizes a self-at-
tention mechanism to process the entire temporal sequence simultaneously. This allows the 
model to assign different “weights” to different time steps, theoretically enabling it to focus 
on critical moments (e.g. the exact moment a pedestrian turns their head) regardless of when 
they occur in the sequence. The core operation is the Scaled Dot-Product Attention:

	 	 (1)

However, unlike the Social-LSTM which has a built-in inductive bias for spatial interactions 
(neighbors affect neighbors), standard Transformers treat all inputs with equal potential rele-
vance, requiring significantly larger datasets to learn the specific causal rules of traffic safety.
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2.3	Implementation and transfer learning strategy

A critical challenge in developing safety-critical ADAS is the scarcity of high-quality “inten-
tion” labels. To address this, we employed a two-stage transfer learning protocol. Although 
the number of unique pedestrians is limited, the sliding window generation process resulted 
in a total of 539, 285 training sequences. This volume provided sufficient sample density for 
model convergence, which was further stabilized by the two stage transfer learning protocol. 
In stage 1 (Pre-training), the models were trained on the large-scale JAAD and PIE datasets to 
learn fundamental pedestrian motion primitives (e.g. walking, standing, starting). In stage 2 
(fine-tuning), the weights were transferred and optimized on the PSI dataset, which contains 
more complex, socially situated crossing scenarios. This strategy mimics the engineering 
practice of calibrating a general traffic model to local site conditions, ensuring that the final 
predictions are both robust and site-specific.

3	 Results and discussion

The quantitative evaluation of the deep learning architectures was conducted using the PSI 
dataset to assess their ability to anticipate pedestrian crossing intentions at unsignalized 
crosswalks. Given the safety-critical nature of the problem, the analysis focused on Preci-
sion, Recall, and F1-score metrics in order to balance the trade-off between false alarms and 
missed detections. Table 1 presents the comparative performance metrics of the evaluated 
models following the fine-tuning phase.

Figure 2	 Qualitative prediction results, green bounding boxes indicate “Safe / Not Crossing” predictions, 
while red bounding boxes indicate “Crossing” intentions predicted by the Social-LSTM model

The results show that the Social-LSTM architecture achieved the highest overall reliability, 
with an F1-score of 84.57 percent and a precision of 85.02 percent. This superior performance 
demonstrates that explicitly modeling interactions between pedestrians provides a signifi-
cant advantage in crowded urban environments. The findings indicate that the social pooling 
mechanism effectively captures group dynamics and collective decision-making behaviors 
described in traffic flow theory, such as the herd effect frequently observed at mid-block 
crossings. In contrast, the BiLSTM baseline achieved the highest recall value of 88.78 per-
cent but exhibited a lower precision of 79.82 percent. 
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This outcome suggests that while kinematic features such as velocity and acceleration are 
highly sensitive indicators of movement initiation, they are insufficient for filtering false 
positives in ambiguous situations where pedestrians may remain waiting at the curb de-
spite showing motion cues. Although high recall is desirable from a safety perspective, 
reduced precision may lead to driver desensitization due to frequent false warnings. The 
Transformer-based model achieved an F1-score of 83.44 percent, underperforming relative to 
the LSTM-based approaches. Despite its architectural complexity and ability to model long-
range temporal dependencies, the Transformer appears to lack the domain-specific induc-
tive biases required to generalize effectively from limited traffic safety datasets. Additionally, 
the impact of the training strategy was analyzed. It was found that the two-stage transfer 
learning approach – pre-training on JAAD and PIE before fine-tuning on PSI – Improved the 
model stability significantly. The analysis showed that without this transfer learning step, the 
models struggled to converge due to noise in the target dataset. This confirms that learning 
fundamental motion primitives from larger datasets is a prerequisite for accurate intention 
prediction in specific local environments.

Table 1 	  Comparative performance metrics of intention prediction models

Overall, the results of the study confirm that integrating social context into intention predic-
tion algorithms significantly reduces false warnings, thereby enhancing the trustworthiness 
of collision warning systems in intelligent transportation networks.

4	C onclusion

In this study, a comparative analysis of deep learning architectures was conducted to ad-
dress the critical challenge of pedestrian intention prediction at unsignalized crosswalks. By 
integrating three major datasets including JAAD, PIE, and PSI into a unified framework, the 
study evaluated the efficacy of kinematic-based BiLSTM, interaction-aware Social-LSTM, and 
attention-based Transformer models under a safety-critical lens. The results indicate that 
modeling the social interactions between pedestrians is fundamental for reliable prediction 
in urban environments. The Social-LSTM model outperformed the other architectures and 
achieved the highest F1-score of 84.57%. This finding supports the hypothesis that pedestri-
an crossing decisions are not isolated events but are significantly influenced by the collective 
behavior of the surrounding crowd, aligning with the Social Force theory in traffic engineer-
ing. Furthermore, the study revealed that architectural complexity does not inherently guar-
antee superior performance in data-constrained safety applications. The Transformer model 
underperformed compared to the LSTM-based approaches due to the lack of domain-specific 
inductive biases required to learn from limited traffic data despite its capability to capture 
long-range dependencies. Additionally, the effectiveness of the two-stage transfer learning 
strategy was confirmed, as pre-training on large-scale datasets established robust motion 
primitives and allowed the models to adapt to specific and high-uncertainty scenarios. How-
ever, several limitations of this study must be acknowledged. First, the dataset primarily 
consists of daytime scenarios with clear visibility. The performance of the models under ad-
verse weather conditions such as heavy rain or snow and low-light nighttime environments 
remains to be fully validated. Second, the evaluation was conducted offline. 

Model Architecture Precision [%] Recall [%] F1-Score [%]

Social-LSTM 85.02 84.13 84.57

BiLSTM 79.82 88.78 84.06

Transformer 77.86 86.28 83.44
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Real-time implementation on embedded hardware may introduce latency challenges that 
were not addressed in this study. For vehicle based deployment, the proposed architecture 
is designed to operate downstream of a real time object detector such as YOLO to extract pe-
destrian sequences. The relatively low parameter count of the Social-LSTM makes it suitable 
for standard embedded ADAS hardware like NVIDIA Jetson, where a calibrated probability 
threshold can be set to trigger collision warnings. Finally, the study focused on pedestri-
an-to-pedestrian interactions while the influence of vehicle dynamics on pedestrian deci-
sion-making was implicitly learned but not explicitly modeled as a separate interaction force.
Future work will focus on addressing these limitations by fusing computer vision data with 
LiDAR sensors to improve robustness under adverse weather and lighting conditions. Addi-
tionally, the integration of V2X (Vehicle-to-Everything) communication technologies will be 
explored to enable cooperative intention sharing between connected pedestrians and au-
tonomous vehicles, further contributing to the Vision Zero goal in intelligent transportation 
systems.
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