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Abstract: Pedestrian intention prediction is critical for safe and reliable autonomous driving systems,
particularly in complex urban environments characterized with sudden and unpredictable pedestrian-road
interaction. In this study, we propose a hybrid deep learning framework for binary pedestrian intention
classification (crossing vs. non-crossing) using the Joint Attention in Autonomous Driving (JAAD) dataset. The
model integrates multi-modal contextual cues, including local visual features, global scene context, pedestrian
bounding boxes, human pose keypoints, and ego-vehicle speed, to capture both spatial and behavioural dynamics
influencing pedestrian decisions. Results from the study demonstrate consistently strong predictive performance
in tests (0.87 accuracy, 0.94 AUC), and training to validation AUC score of 0.99 and 0.94 respectively. These
findings suggest the significance of combining pedestrian motion dynamics with scene perception for prediction
robustness enhancement in autonomous vehicles. The study framework is designed to be extensible, enabling
modeling of more complex pedestrian behaviours beyond binary crossing decisions.
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1. Introduction

Autonomous vehicles (AVs) amongst other modern technologies have highly benefitted from advancements
in the field of image processing [1], [2]. Since they must operate safely in dynamic and unpredictable
environments where interactions with pedestrians present one of its major challenges, a critical capability
therefore is the accuracy of pedestrian intention prediction, particularly the ability to anticipate whether a
pedestrian will cross the road or not [3]. Early and accurate prediction enables vehicles to make proactive
decisions, reducing collision risks and improving overall traffic efficiency [4], [5].

In realistic traffic conditions, crossing intention of pedestrians are not influenced by a single factor, but
rather by a combination of factors and observations [6]. While pedestrian-centric factors such as bounding boxes
and pose are crucial for the outcome of a crossing prediction, spatial-centric factors such as ego vehicle speed,
traffic sign and lights have equally been demonstrated to hold equally significant information, and as such, the
synthesis of several parameters and their relationships is indeed crucial for deployable prediction. Even though
spatial information is gathered in a noise-dense environment, identifying and filtering features that shape
pedestrian behaviour presents a challenge [7].

The JAAD Dataset has become a benchmark for studying pedestrian behaviour in urban environments,
providing rich annotations of pedestrian actions, contextual cues, and driver-pedestrian interactions [4], [8], [9],
[10]. Prior research using JAAD has explored a variety of approaches, including appearance-based methods,
trajectory modelling, and temporal sequence learning. While these methods have achieved reasonable
performance, many rely on limited modalities, often focusing on either visual cues (e.g., bounding boxes or pose)
or motion dynamics in isolation [11]. However, pedestrian intention is inherently multi-factorial, influenced not
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only by individual motion and posture but also by environmental context and the state of the ego vehicle. For
instance, a pedestrian’s pose may indicate readiness to cross, whereas, this intention is modulated by traffic
conditions, road layout, and vehicle speed. Existing approaches often fail to fully capture these
interdependencies and intersection of influence, leading to reduced robustness in complex or ambiguous
scenarios.

(c) Final Fusion
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ﬁ gi Global Context (Cs)

Fig. 1: Internal representation of the proposed pedestrian crossing behaviour prediction model.
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To address these limitations, we propose a hybrid multi-modal framework (Fig. 1) that integrates local visual
features, global scene context, pedestrian bounding boxes, human pose keypoints, and ego-vehicle speed for
binary intention classification (crossing vs. non-crossing). By jointly modelling these heterogeneous signals, the
proposed method captures both behavioural cues and interaction dynamics, enabling more reliable prediction of
pedestrian intent. Unlike prior works that emphasize single or dual modalities, our approach highlights the
importance of comprehensive feature fusion, resulting in balanced performance across classes and improved
resilience to ambiguous cases. Our paper contributes the following:

e We propose a multi-modal system that employs the joint use of human pose keypoints, global scene
context, pedestrian bounding-box trajectory, local visual features, and ego-vehicle speed.

e We adopted a hybrid architecture of 2D, and 3D Convolution Neural Networks CNNs with Gated
Recurrent Unit GRU that can be easily generalized, and is applicable to AV implementation
requirements.

The rest of the article is organized as follows. Section 2 contains a review of existing work on pedestrian’s
crossing intention prediction. Section 3 describes the implementation details and method of the study, including
a thorough description of the hybrid deep learning model. We describe the experimental setup and results in
section 4. Conclusion and future work are presented in section 5 to conclude the study.

2. Related Works

Pedestrian intention prediction has gained significant attention in recent years, particularly in the context of
autonomous driving where anticipating pedestrian behaviour is essential for safe navigation. Existing approaches
can be broadly categorized into context-based methods, trajectory-based models, pose-driven approaches, and
multi-modal fusion techniques.

2.1. Context-Bas978-989-9121-69-0ed Intention Prediction

Early work on pedestrian intention prediction largely relied on contextual and visual cues derived from the
JAAD Dataset, introduced in [8]. These methods utilize features such as bounding boxes, pedestrian location,
and scene attributes (e.g., traffic signals, crosswalk presence) to infer crossing behaviour. While effective in

https://doi.org/10.17758/HEAIG18.DiR0626105 21



structured environments, such approaches often fail to capture fine-grained behavioural cues, as they treat
pedestrians as coarse objects rather than dynamic agents.

Subsequent extensions, including the work of Rasouli in [12] and [13], incorporate richer annotations and
temporal information. However, even these models primarily emphasize scene context and temporal progression,
with limited integration of detailed human motion or ego-vehicle dynamics.

2.2. Trajectory-Based Models

Trajectory prediction methods focus on modeling pedestrian motion patterns over time, often using recurrent
neural networks such as LSTMs. A notable example is [14], which captures interactions among multiple agents
in crowded environments. A trajectory prediction framework was also proposed in [15], in which pedestrian
motion intentions and social interaction with immediate surroundings are modelled to forecast future trajectory.
A pedestrian crossing knowledge graph with Bayesian inference was constructed in [16] for intention estimation,
which in turn are used for trajectory prediction using a Bi-LSTM-Attention trajectory prediction network.

Generally, these approaches demonstrate strong performance in predicting future positions but are inherently
limited in early intention prediction, as they depend heavily on observable motion history. In the context of
JAAD, trajectory-based methods typically leverage past pedestrian movement to infer crossing decisions.
However, such approaches struggle in static or pre-motion scenarios, where pedestrians exhibit minimal
movement before initiating a crossing. This limitation highlights the need for incorporating additional
behavioural and contextual cues beyond trajectory alone.

2.3. Pose-Based Approaches

Human pose estimation has emerged as a valuable signal for understanding pedestrian intent, as body
posture and orientation often provide early indicators of action [17], [18], [19]. A pedestrian crossing intention
prediction framework that leverages pose estimation and body posture analysis was proposed in [18] to identify
the willingness of pedestrians to cross. Graph-based approaches like Skeleton-Based Action Recognition with
Spatial Temporal Graph Convolutional Networks have been employed to capture spatial-temporal relationships
between keypoints as done by the authors in [20] and [21]. The model proposed in [20] used skeletal joint
dynamics in conjunction with temporal fusion to identify the intentions of pedestrians.

While pose-based methods improve sensitivity to subtle behavioural cues, they often operate in isolation,
without considering environmental context or vehicle interaction. As a result, their performance may degrade in
real-world scenarios where intention is influenced by external factors such as traffic flow and road conditions

2.4. Multi-Modal Fusion Methods

Recent work has explored multi-modal approaches that combine visual, contextual, and temporal features.
Attention-based frameworks, such as Multi-Modal Pedestrian Intention Prediction Using Attention Mechanisms
[22], attempt to dynamically weigh different inputs to improve prediction accuracy. Other studies focus on
modelling interactions between pedestrians and their surroundings.

Despite these advancements, most multi-modal methods remain limited in two key aspects. First, they often
exclude ego-vehicle dynamics, which play a crucial role in shaping pedestrian decisions. Second, the integration
of modalities is frequently shallow or loosely coupled, reducing the ability to capture complex interdependencies
between behavioural, contextual, and motion cues.

2.5. Research Contributions

It is evident that most existing approaches either rely on single modalities (e.g., trajectory or pose), or
employ partial multi-modal fusion without fully capturing interaction dynamics. To meet this need, the proposed
approach introduces a comprehensive hybrid framework that jointly integrates local visual features, global scene
context, pedestrian bounding boxes, human pose keypoints, and ego-vehicle speed. This unified representation
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enables the model to capture both intrinsic behavioural signals and extrinsic interaction factors, addressing key
limitations in prior work.

3. Method

3.1. Overview of the Proposed Framework

We propose a hierarchical hybrid deep learning framework for pedestrian behaviour prediction. The
proposed methodological framework follows a multi-stage pipeline that begins with dataset selection and
preprocessing, followed by spatiotemporal feature extraction, hybrid model construction and rigorous evaluation.
First, video sequences from the JAAD dataset, are preprocessed to generate synchronized multimodal inputs
including pedestrian-centered visual clips (local context), semantic scene context (global context), pose key-
points, bounding boxes and ego vehicle speed. Next, to balance spatiotemporal representation quality and
computational efficiency, the proposed methodological framework employs 3D CNN for local context extraction
capturing pedestrian motion and appearance cues while using 2D CNN for global semantic context. These
features together with Gated Recurrent Unit (GRU) and attention mechanism can make a robust framework to
model evolution of pedestrian behaviours.

The vision branch of the system as described in Fig. 1 represents the fusion of visual features (local and
global contexts). 3D Convolutional Neural Networks was used to capture motion cues from local context. 2D
Convolutional Neural Networks was used to capture the global pedestrian surroundings from global context
input. These CNNs were encoded by GRUs then passed into attention. The outputs of these two features are
concatenated to provide the vector of visual inputs. The non-vision branch represents the fusion of non-visual
features (ego-vehicle speed, pedestrian bounding box and pedestrian pose key points) which was encoded by
GRU and the output was fed into attention to get the vector of non-visual inputs. Finally, the outputs of these
two branches were fused and passed into attention then fed into fully connected layers (FC) for final prediction.

The hybrid approach combines the strengths of CNNs (spatial representation learning) and RNNs (temporal
reasoning), thereby addressing the limitations of single-modality models and some of multi-models designed to
capture only pedestrian intention, action or future trajectory. The ultimate objective is to learn interpretable and
generalizable pedestrian behaviour representations that improve intention prediction from predicting whether a
pedestrian intends to cross or not to the prediction of irregular behaviours during crossing with better accuracy
across diverse environments. This hybrid design preserves temporal without overwhelming memory resources.
The methodological steps aligned with research objectives are as follows:

o Develop a data preprocessing pipeline for multimodal features for nuanced behaviours capturing
during crossing. This is implemented via dataset processing and annotation synchronization.

e Design a hybrid model combining visual and non-visual features. Achieved through 2D and 3D
CNNs plus GRU with attention fusion.

e Build a chaining hybrid framework that operates effectively in both structured and unstructured
urban environments and evaluate predictive performance across multiple behaviours. Validated
using training vs validation plots, ROC-AUC, confusion matrices, and class-wise F1-scores.

The framework integrates multi-modal inputs, combining visual and non-visual signals to capture the
complex and context-dependent nature of pedestrian decision-making. This design enables the model to jointly
reason about what the pedestrian is doing and how the surrounding environment and vehicle dynamics influence
that behaviour.

3.2. Dataset Processing

We selected the robust JAAD dataset for the study since it is publicly available, covers a wide demographic
for generalization, and has been rigorously tested in similar studies. The JAAD dataset provides videos from
which frames can extracted for further processing. We processed the video files into 128 x 128 pixels image
frames for computational efficiency, and temporal consistency was established by smoothing all behaviours
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using sliding windows of 16 consecutive frames to avoid noisy one-frame annotations. Trajectory based
verification was also conducted to confirm motion direction (lateral, stopped or reversed) by evaluating JAAD’s
bounding box coordinates. DeeplLabV3-based semantic segmentation maps were generated to capture
environmental context. (e.g: sidewalks, roads, vehicles). A pre-trained OpenPose model was used to extract 18-
keypoint human poses (target pedestrian pose key points), and ego-vehicle speed was parsed from JAAD
annotations. Label merging was done by assigning each 16-frame clip a label based on the dominant behaviour
within the last four frames. For example, if majority frames reflected to crossing, the label for the clip was set to
crossing. Manual validation was also conducted by visually classifying random samples from each behaviour
class to ensure semantic accuracy.

Annotations were synchronized using official JAAD XML metadata, ensuring temporal alignment between
video frames, bounding boxes, pedestrian IDs, and contextual attributes. Label smoothing was applied for
sequences where behaviours transitioned gradually between categories.

4. Experiments

To efficiently train the proposed hybrid multimodal model, coordinated optimization strategies ensuring
convergence across the dual-branch architecture was necessary. The first branch of the hybrid model processed
the temporal features (speed, bounding boxes, pose) while the complementary branch evaluated visual (3D CNN
+ 2D CNN) features. Because these submodules learn at different abstraction levels, a unified training
framework was adopted using TensorFlow/Keras with mixed-precision optimization on an NVIDIA GPU. 70%
of the obtained frames were used for the model training, while 15% were used during hyper-parameter tuning
during validation. The remaining 15% were used for the model testing. Pedestrian identities were mutually
exclusive across the splits to prevent identity leakage and maintain generalization integrity.

4.1. Experiment results
To validate the effectiveness of the proposed model, it was benchmarked against several state-of-the-art and
classical models trained to predict pedestrian crossing intention over same dataset. See Table | for the baseline
model listing.
TABLE I: Results Benchmarking

Baseline models Description
Attention-based pedestrian crossing
PCPA [8] prediction using scene and pose
features.

Combines VGG16 features with recurrent

VGG-GRU [23] temporal modeling.

Self-Attention Weather-Robust  Incorporates adaptive attention for varying
model (SAWR) [24] environmental conditions.

Using standard performance evaluation metrics such as Accuracy, Area under Curve (AUC), Precision,
Recall, and F1 Score, we compared the results of the proposed model with the models in Table I.
TABLE II: Performance Comparison of Model results with state of the art, and classical models.

Metric PCPA VGG-GRU SAWR Proposed
Accuracy 0.76 0.83 0.83 0.87
AUC 0.79 0.82 0.80 0.94
Precision 0.41 0.51 0.47 0.87
Recall 0.83 0.81 0.82 0.87
F1 Score 0.55 0.63 0.62 0.87
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The proposed model exhibits convincing performance improvements when compared to the existing ones.
Considering the best performances amongst the existing models metric-wise, the proposed model outperforms
the tied performance of VGG-GRU and SAWR by 0.04 in accuracy, outperforms VGG-GRU by 0.12 in area
under curve, it again exceeds the performance of VGG-GRU in precision by 0.36, it exceeds the recall
performance of PCPA by 0.04, and finally when compared to VGG-GRU again, it outperforms it by 0.24.
Comparative results of the experimental outcomes are provided in Table Il, while percentage difference in the
performance over the metrics can be seen in Fig. 2.
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Fig. 2: Percentage improvement demonstrated by the proposed model against existing results, with ranges of
improvement per metric.
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5. Conclusiosn and Future Work

In this paper, we have introduced a hybrid multi-model pedestrian intention prediction model that
incorporates several visual and non-visual features. The results (4.8%-14.5% improvement in Accuracy, 14.6%-
19.0% improvement in AUC, 70.6%-112.2% improvement in Precision, 4.8% to 7.4% improvement in Recall,
and 38.1-58.2% improvement in F1 score) have demonstrated that the proposed study is indeed capable of
accurately predicting the crossing intention of vulnerable road users, thus promoting safe integration of
autonomous vehicles in complicated urban environment. Several avenues for expanding the coverage of the
work still exist and a few have been identified. Currently, we are extending the work to predict jockeying and
renegade intentions of pedestrians in structured and unstructured crossing environments, which are more fine-
grained pedestrian behaviours. Other natural extensions to the work include investigating the effectiveness of the
algorithm in adverse weather with and without lidar and radar integration, evaluation of the computational
efficiency of the hybrid algorithm, and vehicle deployment of the algorithm using available Open Innovation
Autonomous Vehicle (OPINA) facility.
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