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Abstract

Early traffic accident risk prediction in complex road environments poses significant chal-
lenges due to the heterogeneous nature and incomplete semantic alignment of multimodal
data. To address this, we propose a novel Early Accident Risk Cross-modal Collabora-
tive Perception Mechanism Network (EAR-CCPM-Net) that integrates hierarchical fusion
modules and cross-modal attention mechanisms to enable semantic interaction between
visual, motion, and textual modalities. The model is trained and evaluated on the newly
constructed CAP-DATA dataset, incorporating advanced preprocessing techniques such as
bilateral filtering and a rigorous MINI-Train-Test sampling protocol. Experimental results
show that EAR-CCPM-Net achieves an AUC of 0.853, AP of 0.758, and improves the Time-
to-Accident (TTAq5) from 3.927 s to 4.225 s, significantly outperforming baseline methods.
These findings demonstrate that EAR-CCPM-Net effectively enhances early-stage semantic
perception and prediction accuracy, providing an interpretable solution for real-world
traffic risk anticipation.

Keywords: multimodal fusion; traffic accident prediction; early risk perception;
semantic interaction

1. Introduction

Road traffic accidents represent a persistent global public health and economic burden.
According to the World Health Organization (WHO), approximately 1.35 million people
lose their lives annually due to road accidents, with another 20 to 50 million suffering from
non-fatal injuries, many of which result in long-term disabilities [1,2]. The situation is
particularly severe in low- and middle-income countries, where inadequate infrastructure,
limited emergency response, and high vehicular density exacerbate road safety issues [3].
The increasing complexity of modern traffic environments marked by diverse vehicle types,
dense interactions, and rapid dynamics has intensified the need for intelligent systems
capable of anticipating and mitigating potential accidents before they occur.

Recent advances in deep learning and sensor technologies have enabled the use
of rich, multimodal data for traffic safety research. This includes video frames, vehicle
trajectories, optical flow, environmental context, and map-based semantics, offering new
opportunities for early accident risk prediction [4-6]. Particularly, early risk prediction, as
in Figure 1, which focuses on detecting precursors several seconds (150 frames) before the
actual accident occurs, is of critical importance to intelligent transportation systems and
autonomous driving platforms [7,8]. Such prediction systems, if reliable and timely, can
allow for proactive interventions that prevent or reduce the severity of accidents.
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Figure 1. Illustration for different kinds of attribute annotations in CAP-DATA.

Despite this progress, a critical gap remains in how multimodal information is rep-
resented, aligned, and fused for early accident risk prediction. Existing approaches often
treat each modality (e.g., visual frames, motion trajectories, semantic maps) in isolation or
combine them using simple concatenation strategies. These modality-siloed designs fail to
capture the complex semantic and temporal interdependencies across modalities, leading
to suboptimal representations and degraded performance in early prediction tasks [9-11].
For instance, a sudden vehicle deceleration captured in trajectory data may be contextually
explained by visual cues such as pedestrian emergence or lane obstructions information
that can only be meaningfully interpreted through cross-modal interaction. Without collab-
orative perception mechanisms, such cues remain underutilized, weakening the model’s
understanding of causative factors and limiting its predictive accuracy in complex scenes.
More importantly, few studies have explicitly addressed the early-stage prediction chal-
lenge, where precursor signals are inherently weak, sparse, and temporally distant from
the accident event. The absence of interactive attention-guided fusion mechanisms further
hinders the model’s ability to identify and emphasize risk-relevant signals in dynamic,
heterogeneous environments. This deficiency is particularly detrimental in the early risk
prediction setting, where weak and sparse precursor signals must be precisely detected
and temporally linked to subsequent high-risk outcomes.

To address this challenge, this study proposes a novel Early Accident Risk Cross-
modal Collaborative Perception Mechanism Network (EAR-CCPM-Net). EAR-CCPM-Net
introduces a hierarchical attention-guided cross-modal fusion framework that enables
interactive semantic alignment between heterogeneous modalities specifically between
visual and textual representations. By employing text-to-image fusion modules, the model
emphasizes risk-relevant features and reinforces cross-modal consistency, thereby enhanc-
ing the model’s capability to detect early risk cues and infer accident likelihood at an
earlier stage.
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The main contributions of this work are summarized as follows: (i) the study proposes
EAR-CCPM-Net, a Cross-modal Collaborative Perception network designed for early
accident risk prediction. The network incorporates hierarchical attention modules to fuse
and align multimodal features dynamically; (ii) the study introduces an attention-guided
text-to-image semantic fusion mechanism that enhances risk cue identification by linking
temporal motion and contextual cues with visual observations in a unified feature space;
(iii) the study demonstrates the effectiveness of EAR-CCPM-Net on benchmark multimodal
traffic datasets, showing significant improvement in both prediction accuracy and temporal
anticipation over existing unimodal and naive multimodal fusion methods.

In the remainder of this paper, Section 2 reviews the related work on multimodal fusion
and traffic risk prediction. Section 3 details the proposed EAR-CCPM-Net architecture,
including the semantic alignment modules. Section 4 presents experimental settings, results,
ablation studies and interpretability analyses. Finally, Section 5 concludes the paper and
outlines future research directions.

2. Literature Review

With the advancement of sensing technologies and computational capabilities, deep
learning has emerged as the dominant paradigm in traffic accident prediction. These ap-
proaches leverage data-driven representations to extract complex patterns from multimodal
sources such as video frames, optical flow, GPS trajectories, environmental metadata, and
textual descriptions [12-14]. Convolutional Neural Networks (CNNs) have been widely
adopted for visual data processing, enabling the identification of traffic participants and
hazardous scenarios captured by surveillance systems [15]. In parallel, Recurrent Neural
Networks (RNNs) and their variants like Long Short-Term Memory (LSTM) networks have
been employed to capture temporal dependencies in driving behaviors and motion se-
quences [16,17]. Recent studies have also explored the use of 3D-CNNs for spatiotemporal
modeling of video streams and Transformer-based architecture for capturing long-range
dependencies in sequential data [4]. Despite these advancements, most deep learning
models remain modality-specific, lacking cross-modal integration.

Multimodal learning has emerged as a powerful paradigm in traffic accident predic-
tion, aiming to harness complementary signals from heterogeneous sources such as image
sequences, optical flow, trajectory data, environmental cues, and textual inputs [18,19].
Common fusion strategies include early fusion at the input level, late fusion at the decision
level, and hybrid fusion across intermediate network layers, with the latter demonstrating
superior capability in integrating modality-specific representations into a coherent semantic
space [20]. Recent advancements have introduced attention-based mechanisms, Trans-
former architectures, and Graph Neural Networks (GNNs) to enhance dynamic feature
interaction and spatial-temporal reasoning across modalities [21]. Despite their effective-
ness, many existing models still process each modality independently during perception,
lacking collaborative feature alignment and cross-modal guidance. Moreover, fusion de-
signs are often shallow, limiting their ability to exploit deep semantic complementarities.

Recent advancements in multimodal learning for traffic accident prediction have in-
creasingly emphasized cross-modal attention mechanisms to overcome the limitations of
traditional fusion strategies. While early, late, and hybrid fusion methods offer foundational
integration approaches, they often lack semantic adaptability and fail to capture dynamic
interdependencies between heterogeneous inputs [22,23]. Cross-modal attention mecha-
nisms address these limitations by allowing one modality to selectively attend to another,
thereby enabling semantic enrichment and context-aware reasoning [24,25]. Unidirec-
tional attention models such as LXMERT dynamically align auxiliary modality information
such as trajectory signals to guide visual risk feature enhancement [25]. More expressive
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frameworks adopt bidirectional co-attention, allowing mutual refinement of features across
modalities as implemented in VILBERT [26] and related dual-stream transformers [27].
Beyond attention, several approaches integrate modality routing, entropy-based weight-
ing, and confidence-aware fusion for robustness under degraded or incomplete modality
conditions [28-30]. Notably, models such as CAP [9] incorporate cognitive priors and
gaze-inspired heatmaps to enhance semantic traceability and interpretability, although
their interaction depth remains limited. Multi-Hypothesis Cross-Attention [31] further
expands this line of work by encouraging semantic coherence and hypothesis diversity
across multiple attention layers. Collectively, these approaches highlight a paradigm shift
toward more adaptive, robust, and semantically aligned multimodal prediction systems
capable of capturing complex dependencies in real-world traffic contexts.

Graph-based modeling has recently emerged as a compelling paradigm for advancing
cross-modal perception in traffic accident prediction, offering structured, relational repre-
sentations that go beyond the limitations of feature-level attention mechanisms. Unlike
conventional attention methods that struggle to encode higher-order semantic relationships,
graph-based approaches construct explicit topologies where nodes represent meaningful
traffic entities and edges encode spatial, temporal, or semantic dependencies across and
within modalities [32-34]. These methods are especially well-suited for modeling complex,
dynamic traffic scenes characterized by heterogeneous interactions among road users, vehi-
cle trajectories, and environmental context [35]. Spatial-temporal graph architectures such
as STGAT [36] provide an adaptive framework for integrating sequential patterns with spa-
tial layouts, combining graph attention and temporal convolution to capture evolving risks
across both latent and observable structures. Recent trends have further introduced cross-
modal graph variants that fuse information from visual frames, trajectory streams, and
scene semantics into a unified graph for collaborative reasoning [37]. Integration with atten-
tion mechanisms such as VSGNet [38] and RA-AGN [39] has shown that graph-structured
inputs enable fine-grained region-aware inference, allowing attention to be guided toward
risk-relevant substructures within traffic scenes. These hybrid frameworks collectively
establish graph-based interaction modeling as a powerful tool for enabling semantically
aligned, structurally aware, and interpretable multimodal perception systems particularly
valuable for the early detection of high-risk scenarios in dynamic environments.

To summarize, current research on multimodal traffic accident prediction has made
significant progress in leveraging deep learning, cross-modal attention, and graph-based
reasoning. However, several limitations remain. First, most existing models adopt rela-
tively shallow cross-modal attention mechanisms that often treat modalities in isolation
or with limited interaction, leading to underutilization of semantic complementarities.
Second, fusion strategies such as early or late fusion lack flexibility and fail to capture
fine-grained, dynamic relationships between modalities, particularly under complex and
rapidly changing traffic conditions. Third, while graph-based methods have introduced
structured reasoning, they are still in the early stages of integrating multi-level semantic
alignment across visual, spatial, and temporal inputs. These issues collectively point to a
persistent gap in the collaborative modeling capacity and semantic coherence of current
approaches. Motivated by these limitations, this study proposes a novel deep learning
framework designed with robust cross-modal collaborative perception and hierarchical
semantic alignment mechanisms. By enabling deeper interactions between heterogeneous
traffic modalities (e.g., visual scenes, motion trajectories, and contextual cues), the frame-
work aims to enhance early recognition of traffic accident risks through more adaptive,
interpretable, and semantically consistent multimodal reasoning.
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3. Research Methodology

This section presents the methodological design of the Early Accident Risk Cross-
modal Collaborative Perception Network (EAR-CCPM-Net) (Figure 2), developed to ad-
dress the challenges outlined in the study. Specifically, this model targets the insufficient
cross-modal semantic alignment and weak collaborative perception prevalent in current
multimodal traffic risk prediction systems. By integrating vision and language modalities
through a novel Cross-modal Collaborative Perception Mechanism (CCPM), EAR-CCPM-
Net aims to enable more accurate, robust, and interpretable early accident risk prediction in
complex traffic scenarios. To achieve this, EAR-CCPM-Net is constructed with a three-part
modular design that facilitates hierarchical fusion, dynamic attention-based interaction,
and context-aware temporal reasoning.
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Figure 2. The architecture of early accident risk Cross-modal Collaborative Perception Mechanism
Network (EAR-CCPM-Net).

Part 1: Attentive Text-to-Video Shift Fusion: This module is responsible for initial
feature extraction and semantic alignment across heterogeneous input modalities, such as
video frames and textual scene descriptions. Visual features are extracted using Convolu-
tional Neural Network (CNN) followed by self-attention layers, while textual inputs are
encoded using a pre-trained BERT model to capture contextual semantics. A shared-weight
multi-head self-attention mechanism is employed to map both modalities into a unified
semantic space. The aligned features are then progressively fused through the CCPM,
which includes a Fusion unit, hierarchical Text-to-Image Shift Fusion Layers, and a dual-
stage enhancement scheme (Single Enhance and Enhanced Cross-Hypothesis Interaction)
to strengthen local consistency and semantic complementarity.

Part 2: Attentive Semantic Context Transfer: the semantic relationship between spatial
regions is modeled through the Graph Convolutional Network (GCN), and the Gated
Recurrent Unit (GRU) is used to capture the temporal evolution characteristics.

Part 3: Driver Attention-Guided Accident Prediction: With the temporal GRU, the
Attentive Semantic Context Transfer module is modeled to serve the accident prediction
score computation. In each frame, the driver fixation map is also reconstructed by the self-
attention of the semantic context feature, which aims to fulfill a Driver Attention-Guided
Accident Prediction.

Among them, the CCPM is the core innovation module of EAR-CCPM-Net, embedded
in the first part. Through the text-to-image feature transfer fusion layer (Text-to-Image Shift
Fusion Layer) and the enhancement module, it supports dynamic and gradual cross-modal
semantic interaction and fusion, significantly improving the feature expression ability and
prediction performance.
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3.1. Data Collection and Preprocessing

The videos contained within CAP-DATA [9] have been sourced from a variety of
accident datasets in the public domain, as well as various video stream sites, including,
but not limited to YouTube, Bilibili, and Tencent. The CCD, A3D, DoTA, and DADA-2000
datasets are utilized in conjunction with additional text annotation, in conjunction with a
thorough anomaly window, and with accident time stamp annotation. Furthermore, all
accident videos are categorized into 58 distinct categories based on the occurrence relations
of different road participants. The final collection consists of 11,727 videos with 2.19 million
frames that have undergone annotation. The annotation attributes of CAP-DATA facilitate
numerous valuable tasks in the field of accident analysis and research, including labeled
fact—effect-reason-introspection description and temporal accident frame label. The time
window with different annotations is illustrated in Figure 1.

In the context of multimodal data preprocessing, the quality of the image modality
exerts a direct influence on the model’s capacity to interpret the traffic scene during the
feature extraction stage. This influence is particularly pronounced when the model is
engaged in collaborative modeling with other semantic modalities including accident time
windows, behavior labels, and participant relationships. In such scenarios, the structural
integrity and edge clarity of the image modality are of paramount importance. In the
context of traffic accident prediction, local texture, edge information, and contour features
of traffic participants frequently serve as precursory indicators of accidents. Under data
preprocessing, bilateral filtering is added to normal standard normalization and augmenta-
tion techniques applied to RGB video frames from the CAP-DATA database. The technique
effectively reduces image noise while sharpening contours’ edges and preserving local
structure details. It thus enhances the model’s semantic responsiveness to risk-related areas
in subsequent collaborative fusion. The bilateral filter is an edge-preservation, non-linear
denoising method with spatial closeness and pixel color similarity [40]. With the use of
spatial and grayscale similarity, it effectively reduces the noise without losing edge acute-
ness. Unlike iterative or global filters, the bilateral filter locally filters and computationally
is simple. Its greatest strength and reason come from the usual methods like Gaussian
filtering in edge preservation. Although Gaussian filters are used extensively for filtering
out noise, they blur high-frequency information and produce very poor edge degradation.
To intuitively illustrate the visual enhancement brought by bilateral filtering, Figure 3 com-
pares an original RGB frame with its processed counterpart. It can be observed that bilateral
filtering effectively removes high-frequency noise while retaining edge contours and fine
structural details such as vehicle outlines and lane boundaries. This visual improvement
contributes to more accurate feature extraction in subsequent model stages.

Original RGB
image

Image after
bilateral
filtering

Figure 3. Bilateral filtering enhancement on RGB video frames.
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For the MINI-Train-Test, with the same setting of CAP-DATA, the study takes 512 and
168 raw video sequences for training and testing. Figure 4 shows the sampling strategy of
positive samples and negative samples in the training dataset of MINI-Train. For MINI-
Train, because of the limited training samples, the study randomly samples the temporal
window with the end time of t_co (with the length of 150 frames) in raw accident videos,
and the positive and negative samples are defined by checking whether the collision frame
at time f_ai is contained in the sampled window or not. Due to the limited number of
raw videos and overlapping sliding windows, many of the positive and negative samples
contain partially shared frame sequences. After sampling, a total of 3312 training samples
(1778 positive, 1534 negative) and 815 testing samples (608 positive, 207 negative) are
generated. Consequently, the positive and negative samples in MINI-Train-Test have many
overlapping frames. The sampling strategy is the same as in [9]. The total number of
training and testing samples in MINI-Train-Test is shown in Table 1.

Positive samples Negative samples

.® "
®@

EETEE (O

ai tco tae tar' I‘co tae

Figure 4. The sampling strategy for the positive and negative samples.

Table 1. The number of training and testing samples in MINI-Train-Test evaluation.

MINI-Train-Test

Eval
Raw Videos Positive Negative
Train 512 sampling 1778 1534
Test 168 sampling 608 207

3.2. Architecture Design and Rationale of the Proposed CCPM

To address the challenges of heterogeneous modality fusion in early accident risk
prediction, we propose the EAR-CCPM-Net with a structured Cross-modal Collaborative
Perception Mechanism (CCPM). These mechanism models feature alignment, enhancement,
and interaction across visual and textual modalities.

Unlike traditional fusion strategies that rely on static or shallow integration, CCPM
adopts a multi-stage dynamic interaction design. This design progressively refines cross-
modal semantic representations to capture richer contextual information.

As illustrated in Figure 5, CCPM is organized into four core modules: (i) Fusion
for initial feature embedding and semantic unification; (ii) Text-to-Image Shift Fusion
Layers (T2I-SFLayers) [9] for progressive cross-modal semantic alignment; (iii) Single En-
hanced Module for intra-modal feature strengthening and noise suppression; (iv) Enhanced
Cross-Hypothesis Interaction module for deep cross-modal collaborative enhancement.
Each module addresses a specific stage of the cross-modal integration process, ultimately
contributing to a robust, adaptive, and semantically consistent multimodal representation.
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Figure 5. The architecture of Cross-modal Collaborative Perception Mechanism (CCPM).

3.2.1. Fusion Module

The Fusion Module constitutes the building block of the Cross-modal Collaborative
Perception Mechanism (CCPM) that is implemented to construct a unified semantic space
across heterogeneous modalities. Its key intention is to enable early interaction and align-
ment of visual and textual features prior to further cross-modal integration. As depicted
in Figure 6, the module has a hierarchical structure with three successive subcomponents:
(i) a Multi-Head Self-Attention (MHSA) layer on visual features [41], (ii) a Multi-Head
Cross-modal Attention (MHCA) mechanism to facilitate inter-modal interactions [42], and
(iii) a Cross-Gated Feedforward Network (CGFN) for adaptive refinement of features.
All these components make incremental contributions to modality-specific representations
as well as semantic convergence, thereby establishing sufficient ground for the subsequent
stages of cross-modal collaborative perception.

CGFN

Add & Norm

it

Text feature———— MHCA |

[

Add & Norm |-

I —»

MHSA |

Vision
feature

Figure 6. The design of Fusion Module.

Visual Features Encoding: The input image is first segmented into non-overlapping
patches through a Patch Embedding (PE) module. The patches are subsequently passed to
CNN to achieve preliminary visual features. Next, a Multi-Head Self-Attention (MHSA)
mechanism is used to capture long-range dependencies so that the model can incorporate
global contextual information and enhance the quality of visual representations. This
process effectively preserves key spatial semantics relevant to accident detection.

Textual Features Encoding: Textual annotations or descriptions related to traffic scenes
(e.g., “a cyclist runs red light”) are pre-trained with BERT to extract contextual semantic
vectors, and then the self-attention mechanism is connected to further enhance the global
semantic modeling capability. Like visual modality processing, textual features are also
refined through MHSA layers, which capture semantic interdependencies and contextual
nuances present in the textual data.

Given the video frame T; € RZ24x224x3 4nd the text description 1, they are en-
coded by the Patch Embedding and pre-trained BERT model. Patch Embedding is ful-
filled by partitioning the video frame into N X N patches, and each patch is encoded
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by a 2D convolution with the kernel size of 16 x 16 with the stride of 16. Therefore,
the patch width is N = 2! = 14, and encoded video frame embedding is denoted as
M; € RW*¥14x768(16 % 16 x 3 = 768). To reduce the computational burden, M/ is down
sampled to 7 x 7 x m with a 1 x 1 convolution, where m is a hyperparameter that denotes
the dimension after down sampling convolution and is set as m = 120 for all experiments.
Text description 71 is encoded by a pre-trained BERT model, and the output of the text
embedding in this work is denoted as M] € R"T*™, where nr is also a hyperparameter
which is determined by the max length of the input text and is set as 15 in this work.

After completing modality-specific embedding and encoding, the study obtains
the visual embedding M} € RH*W*D of the video frame and the semantic embedding
M] € REXD of the text description, where H x W is the spatial dimension of the visual
feature (the number of image patches), L is the number of words of the text feature, and D is
the embedding dimension. Before entering the fusion stage, the study first flattens the video
embedding Mtl into a 49 x 120 matrix, denoted as Xypysion € R W) *D. Correspondingly,
the text features are denoted as Xjox; € REXD.

The Fusion Module, as illustrated in Figure 6, is composed of three primary sub-
modules: a Multi-Head Self-Attention (MHSA) mechanism applied to visual features,
a Multi-Head Cross-modal Attention (MHCA) mechanism that integrates textual features
with visual context, and a Cross-Gated Feedforward Network (CGEN) for feature refine-
ment. The detailed computational process is defined as follows. Multi-Head Self-Attention
(MHSA): The visual features are first passed through MHSA to model the global spatial
dependencies between image feature blocks. The specific calculation formula is

MHSA(Xyersion) = Concat(heady, . .., head),)W° (1)

The calculation of each attention head is defined as:

headi = Attention (Xversion WZ'QI Xoersion WiKr Xversionwiv) 2)
where
Attention(Q, K, V) = softmax (QKT> 1% 3)
o Vi

where WiQ,WiK,WiV are the corresponding learnable parameter matrices, dj is the dimension
of each head, and / is the number of attention heads. In this study, the number of attention
heads is set to 8. Consequently, the number of tokens in vision and text pathways are 49
and 15. The visual feature output after MHSA is recorded as

Ol{ = LayerNorm(Xvision + MHSA(XUision)) (4)

Multi-Head Cross-modal Attention (MHCA): The text features are directly input
into the MHCA, and the visual features are used as the key and value of the cross-modal
attention mechanism. In this way, the interactive fusion and semantic alignment of text
features and visual features are achieved. The specific calculation formula is as follows:

MHCA (Xtm, Otl) = ConcatConcat (head’l, cer, head}i) WO, (5)
Among them, each cross-modal attention head head; is defined as

head; = Attention (XtextWiQ,,OfWiK,,OtIWivl) (6)
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Through this step, the spatial information contained in the visual features is integrated
into the text features to achieve cross-modal semantic alignment. Then through Residual
Connection and Layer Normalization,

OfT = LayerNorm (Xtext + MHCA (thxt, Of) ) (7)

Cross-Gated Feedforward Network (CGFN): Following the cross-modal attention
operation, the fused semantic features are further refined using a Cross-Gated Feedforward
Network (CGFN) as shown in Figure 7, which is specifically designed to enhance salient
information and suppress irrelevant or noisy features through a dual-path gating mecha-
nism. The CGFN adopts a structured multi-step processing pipeline, consisting of linear
projection, gated convolutional enhancement, and final fusion. The detailed computational
process is as follows.

CGFN

Linear

1X1 Conv

IV’C‘ )
GELU GELU

I

DW-Conv DW-Conv
3X3 5X5

Chunk

!

GELU

.

Linear

I
!

Figure 7. The design of CGFN module.

Step 1: Initial Linear Transformation and Activation: the input feature X € RN*D

first undergoes a linear transformation followed by a GELU activation:
X' = GELU(W1 X + by) (8)

where W; € RP*P and b; € RP are learnable parameters.
Step 2: Channel-wise Splitting and Depth-wise Convolutions: the activated fea-

ture X’ is then split equally along the channel dimension into two sub-features X, X}, €
RNX (D/2) .

X', X{, X = Split(X') 9)

Each sub-feature is subsequently processed by a separate depth-wise convolution to
capture local spatial structures at different receptive field sizes:

Yy = GELU(DW — Convzy3(X})) (10)

Y, = GELU(DW — Convsys(X3)) (11)

where DW — Convsy3 and DW — Convsy s denote depth-wise convolutions with 3 x 3 and
5 x 5 kernels, respectively, allowing the model to adaptively capture fine-grained and
broader spatial contexts.
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Step 3: Feature Concatenation and Channel Mixing: the outputs Y; and Y, are
concatenated along the channel dimension:

Y = Concat(Y1,Y>) (12)
and passed through a 1 x 1 pointwise convolution to achieve cross-channel mixing;:
Y' = Convyy1(Y) (13)

This operation fuses multi-scale spatial information while maintaining the original
token-wise structure.

Step 4: Final Linear Projection and Residual Connection: finally, a second linear
projection is applied to the fused feature, followed by a residual connection with the
original input X, along with Layer Normalization:

O = LayerNorm (X + WoY' + by) (14)

where W, € RP*P and b, € RP are learnable parameters.

The output O € RN*P serves as the refined feature representation, selectively pre-
serving critical semantic cues while suppressing noise and redundant information, thereby
significantly improving the expressiveness and robustness of the fused features.

3.2.2. Single Enhanced Module

The Single Enhanced Module is designed to further strengthen intra-modality feature
representations and stabilize the dynamic fusion process across stages. Following each
T2I-SFLayer, a dedicated Single Enhanced Module is applied to improve internal feature
consistency and suppress redundant noise.

As shown in Figure 8, the Single Enhanced Module comprises three primary opera-
tions: Layer Normalization (LN), Multi-Head Self-Attention (MHSA), and a Cross-Gated
Feedforward Network (CGEN). Through this structured processing pipeline, Single En-
hanced Module progressively refines the semantic coherence and expressive power of the
shifted features.

Figure 8. The design of Single Enhanced Module.

Input Normalization: given the shifted fusion features from the previous stage,
denoted as Xs(,l;flt), the Single Enhanced Module first applies Layer Normalization (LN) to

stabilize the feature distributions across different modalities:
I+1 I+1
Xhord = LN(XGD) (15)
where the LN operation is defined as

X—p

LN(X) ~ Yo te

+B (16)



Appl. Sci. 2025, 15,9299

12 of 26

Here, y and o represent the mean and standard designation computed along the
feature dimension, € is a small constant for numerical stability, and 7y and p are learnable
affine transformation parameters.

Multi-Head Self-Attention (MHSA): The normalized features X,Sl;%) are then pro-
cessed by a Multi-Head Self-Attention (MHSA) mechanism to enhance internal dependen-
cies and contextual relationships among feature tokens. The MHSA operation is given by

MHSA (X,SIJ,L)) = Concat(heads, . .., head;,) WO (17)

where each attention head is computed as
Q
head; = Attention (XSZQT,}) W, X\ WK x(LED in) (18)

where WiQ, WK, WY are the query, key, and value projection matrices, dy is the dimension
of each head, and ’ is the number of attention heads.
After MHSA, a residual connection is applied to maintain the stability of feature
representation:
I+1 I+1 I+1
Xution = Xltp + MHSA (X1 (19)

Cross-Gated Feedforward Network (CGFN): To further refine the feature representa-
tions, the output XZ(\Z;S) 4 is passed through a Cross-Gated Feedforward Network (CGFN).
CGFN selectively amplifies informative features and suppresses irrelevant or noisy compo-
nents through a multi-branch gating mechanism.

The CGFN operation is defined as
I+1 I+1
X{dih = CGPN(X{ids ) (20)

where the CGFN structure includes Figure 7. Finally, the output of the Single Enhanced
Module is

(I+1) < (I+1)
Xenhance - XCGFN (21)

Through the combination of normalization, self-attention, and dynamic feature gating,
the Single Enhanced Module effectively reinforces intra-modal feature structures, enhances
semantic consistency, and suppresses noise accumulation across fusion stages. This pro-
gressive refinement is critical for maintaining robust and expressive feature representations
throughout the multi-stage CCPM architecture.

3.2.3. Enhanced Cross-Hypothesis Interaction Module

The Enhanced Cross-Hypothesis Interaction Module serves as a crucial component
in the CCPM, aiming to further refine the semantic consistency and multi-level feature
expressiveness across different abstraction layers within the multimodal fusion process.
By modeling intra-level and cross-level feature interactions, the Enhanced Cross-Hypothesis
Interaction Module strengthens the dynamic alignment between visual and textual modali-
ties, thus contributing directly to the research objective regarding CCPM for early accident
risk prediction.

As illustrated in Figure 9, the Enhanced Cross-Hypothesis Interaction Module com-
prises three sequential stages: (i) intra-level semantic refinement using Layer Normalization
(LN) and Multi-Head Self-Attention (MHSA); (ii) cross-level collaborative enhancement
using Multi-Head Cross Attention (MCA); (iii) final feature consolidation through Layer
Normalization and Cross-Gated Feedforward Network (CGFN) enhancement.
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Enhanced Cross-Hypothesis Interaction Module

LN ’gg MCA —N T
4 | i\ l
MHSA LN —N ,

MCA

L W MCA —{ —l

+

7N
j—

— LN T 1 CGFN T :i;

Figure 9. The design of Enhanced Cross-Hypothesis Interaction Module.

Intra-Level Self-Enhancement: Given the fused semantic representations from differ-
ent abstraction levels, denoted as Z(1), Z(2), Z®) ¢ RT*P, where T is the token sequence
length and D is the feature dimension, the module first applies intra-level refinement
independently for each level.

Each input Z(!) is normalized and processed by a Multi-Head Self-Attention mecha-
nism to capture internal contextual relationships:

20 — N (z<l>) 22)
The MHSA operation for each level is defined as
MHSA (Z(l)) = Concat(head,, . .., head,)W©® (23)
where each attention head is computed by

head; = Attention (Z( )Wg),Z( )WS),Z(”W‘(})) (24)

and the attention function is

T
Attention(Q, K, V) = softmax ((\2/%) 174 (25)

The self-attention output is added back to the original input using residual connection:
l ! 5 (1
Zisa = 20 + MHSA(20) (26)

This intra-level enhancement enables each semantic abstraction layer to independently
refine and stabilize its internal feature distributions.

Cross-Level Collaborative Enhancement: to capture complementary semantic cues
across different abstraction levels, the Enhanced Cross-Hypothesis Interaction Module
introduces a Cross-Level Multi-Head Cross Attention (MCA) mechanism.

For each level /, the query is projected from its own self-enhanced feature:

QY =z Wy (27)

while the keys and values are concatenated from the other levels:
1 1
KD = = Concaty 4 ( I(VI;-ISAW( )> (28)
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The cross-level attention is then computed as

Q¥ (k=) ’

7 (=0 (30)

MCAD = Softmax

Following the MCA operation, a residual connection integrates the attended cross-
level features:

20 =79 4 mca® (31)

mhsa

This step allows each semantic level to incorporate supportive and complementary
information from the other abstraction layers, enhancing multi-level semantic coherence
and representation diversity.

Feature Consolidation and Output: After the intra- and cross-level enhancements,
the outputs from all semantic levels are concatenated:

~(1) ~(2) ~(3)
Zeoncat = Concat| Z ,Z ,Z (32)
The concatenated representation undergoes LN to stabilize feature distributions:
Znorm = LN(ZConcat) (33)

Subsequently, the normalized feature is passed through a CGFN for dynamic feature
selection and local context enhancement:

ZcGEN = CGFN(Znorm) (34)

Finally, a residual connection combines the CGFN output with the normalized feature
to produce the final output of the Enhanced Cross-Hypothesis Interaction Module:

Zcorssenhunce = Znorm + ZCGFN (35)

The resulting robust, semantically consistent multimodal representation is subse-
quently fed into the Graph Convolutional Network (GCN) module for higher-order struc-
tural reasoning and final risk prediction tasks.

Through progressive intra-level self-enhancement and cross-level collaborative feature
refinement, the Enhanced Cross-Hypothesis Interaction Module significantly improves the
dynamic alignment and semantic coherence of fused multimodal features across different
abstraction layers.

3.3. Experiment Setup

To verify the effect of the proposed CCPM on the early risk prediction ability, this
section explains the specific settings of this experiment from three aspects.

3.3.1. Input Modality and Preprocessing

To simulate multimodal collaborative scenarios, the model input includes the follow-
ing two modalities:

Video frame: extracted from the video at 5 fps used to capture the appearance features
of the scene with an input resolution of 224 x 224.

Video-level factual text description: generated from driving video descriptions,
mainly including lane status, weather, traffic rules prompt, etc., obtained through
BERT encoding.
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All modal inputs were normalized and dimensionally aligned before training to ensure
that cross-modal features can be fused.

3.3.2. Training and Testing Settings

In the preliminary stage of model training, we independently trained the EAR-CCPM-
Net that contains CCPM to validate its fusion capacity and semantic alignment capabilities
under supervised settings. The training and testing were conducted on a server equipped
with two NVIDIA Tesla V100 32 GB GPUs, using the Adam optimizer, an initial learning
rate of 0.0001, and a batch size of 16. The model was trained for 100 epochs, and the
weighted binary cross-entropy was selected as the loss function. To prevent overfitting and
enhance generalization, the study applied an early stopping strategy, where training was
monitored by using AP, AUC, mTTA, and TTA 5 performance on the validation set. The
learning rate scheduling was performed dynamically to ensure stable convergence.

3.3.3. Performance Measurement

To comprehensively evaluate the effectiveness of the proposed framework in multi-
modal traffic accident prediction, this study establishes a structured and objective eval-
uation index system aligned with the three core research objectives. To evaluate the
performance of the proposed framework in multimodal traffic accident prediction, this
study utilizes Average Precision (AP), Time-To-Accident (TTA), which includes the variants
of TTAg5 and Mean Time-To-Accident (mTTA), and Area Under the ROC Curve (AUC).

AP: AP serves as a measure to evaluate the model’s ability to accurately detect the
occurrence of traffic accidents within videos, especially in scenarios where there is an
imbalance between positive and negative samples. In binary classification tasks, assuming
that TP, FP, and FN represent the number of true positives, false positives, and false
negatives, respectively, we can calculate the model’s recall R = TPE%N and precision
P = TPTi-fFP Recall is the fraction of actual positive instances correctly predicted by the
model, and precision is the fraction of positive predictions which are actually positive.
Precision-recall curve is derived from these two values, and Average Precision (AP) is the
area under this curve which quantifies the overall precision—recall performance of the
model. In practice, the area under the curve is approximated using discrete summation:

AP = / P(R)dR = Y  P(K)AR(K) (36)

TTA: Time-To-Accident (TTA) quantifies the model’s ability to accurately predict an
impending accident in advance, reflecting its effectiveness in early risk perception.

TTA = taccident — tpredict (37)

Among them, #,ccigent is the time point when the accident occurred, £ ,;.4;c¢ is the time
point when the model first predicted an accident.

mTTA: Mean Time-To-Accident (mTTA) represents the average TTA across varying

prediction thresholds, providing a comprehensive measure of the model’s early warning
capability under different operational conditions.
1N

mITA = N 2i-1 TTA; (38)

TTAos5: TTAO.5 is calculated by setting the accident score threshold at 0.5 for each

video, providing a measure of how early a positive prediction is made. mTTA represents

the mean TTA, obtained by averaging the TTA values across a range of accident score
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thresholds from 0 to 1, thereby reflecting the model’s overall early warning performance
under varying sensitivity settings.

>0,
TTAo05 = taccident — tésyce(:j:'it 2 (39)

AUC: This curve measures the entire two-dimensional area underneath the entire
ROC curve from (0,0) to (1,1). The AUC represents a probability measure for the classifier’s
ability to distinguish between the positive and negative classes. The higher the AUC, the
better the model is at predicting 0 s as 0 s and 1 s as 1 s. An AUC of 0.5 suggests no
discrimination ability (equivalent to random guessing), and an AUC of 1.0 represents a
perfect model that makes no mistakes in classification. AUC is a metric for evaluating the
detection or classification, which is adopted for checking the prediction performance with
the output of the occurrence probability of future accidents.

AUC = /O ' TPR (FPR1(x) ) dx (40)

To evaluate the performance of the proposed framework in multimodal traffic acci-
dent prediction, this study utilizes KL divergence (KLdiv), Correlation Coefficient (CC),
Similarity Metric (SIM), and Center-biased Area under ROC Curve (s-AUC). For the classi-
fication of traffic accident prediction, this study utilizes ACC (accuracy), REC (recall), PRE
(precision), and F1 (F1-score).

KLdiv [43]: KL divergence measures the degree of difference between two proba-
bility distributions. In this study, KLdiv is used to evaluate the difference between the
distribution of attention heatmaps generated by the model and the distribution of human
attention regions.

KL (PIQ) = I, Pl)og( 5 ) )

where P(i) represents the probability distribution of human attention areas, and Q(7)
represents the probability distribution of attention heatmaps generated by the model.

CC [44]: The correlation coefficient measures the linear correlation between two

variables. In this study, CC is used to evaluate the linear correlation between the attention

heatmap generated by the model and the human attention area.

oo Li(PO-P)(Q0)-T)
VE(P() ~P)\/Ei(Ql) - 0)

(42)

where P and Q represent the average values of human attention regions and model attention
heatmaps, respectively.

SIM [45]: SIM measures the degree of similarity between two distributions. In this
study, SIM is used to evaluate the overlap between the attention heatmaps generated by
the model and the human attention regions.

SIM =Y min(P(i), Q(i)) (43)

where P(i) and Q(i) represent the probability distribution of human attention area and
model attention heatmap, respectively.

s-AUC [46]: s-AUC measures the discrimination ability between the attention
heatmaps generated by the model and the human attention regions while controlling
for the effect of center bias.

s — AUC = AUC,;p4e1 — = contentReferenceloaicite : 64)index = 64 (44)
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4. Results and Discussion

To verify the effectiveness of the proposed CCPM within EAR-CCPM-Net in enhancing
early accident risk perception capabilities, this section presents detailed quantitative results
from two major sets of comparative experiments: (i) Training Results; (ii) Baseline model
comparisons; (iii) EAR-CCPM-Net ablation and structural variant evaluations; (iv) EAR-
CCPM-Net performance comparison.

4.1. Training Results

The comprehensive training curve analysis of EAR-CCPM-Net demonstrates its strong
convergence behavior, semantic alignment ability, and multimodal robustness. The training
loss drops rapidly within the first 10 epochs and gradually converges to 0.26 by epoch 100,
while the validation loss decreases from near 1.0 to below 0.15, indicating both effective
feature learning and strong generalization on unseen data as shown in Figure 10. In terms
of classification performance, the precision increases steadily to reach approximately 0.83,
and the recall rises to 0.82, suggesting that the model effectively reduces false positives
and captures most accident-relevant samples as shown in Figure 11. Moreover, the object
detection evaluation metrics further support the model’s interpretability and localization
capabilities: the mAP@0.50 score climbs to 0.88, reflecting high sensitivity in coarse-level
accident region detection, while the mAP@0.95 steadily improves to 0.62, confirming that
the network is also capable of achieving accurate fine-grained spatial localization as shown
in Figure 12. These quantitative results collectively validate that the proposed EAR-CCPM-
Net achieves a strong balance between early risk detection accuracy, multimodal semantic
consistency, and spatial interpretability, supported by its hierarchical attention fusion and
cross-modal collaborative perception design.

Train_loss Val_loss
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Figure 10. Training and validation loss curves of EAR-CCPM-Net.
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Figure 11. Precision and recall curves of EAR-CCPM-Net.
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Figure 12. mAP50 and mAP95 curves of EAR-CCPM-Net.

4.2. Baseline Performance Comparison

In terms of quantitative performance evaluation, this paper selects several representa-
tive benchmark models in the current field of traffic accident prediction for comparative
experiments, including traditional sequence modeling methods (such as DSA-RNN)), time
series adaptive learning strategies (such as AdaLEA, UncertaintyTA), visual attention-
driven models (such as DRIVE), and current mainstream multimodal fusion frameworks
(such as CAP). All comparisons are conducted on the MINI-Test test partition, using a uni-
fied evaluation index system, including the area under the curve (AUC), average precision
(AP), the time point when the risk confidence level of 0.5 is first reached (ITA(5), and the
average prediction lead time (mTTA), to comprehensively measure the performance of the
model in terms of accuracy, stability, and foresight.

As can be seen from Table 2, the framework has achieved the best results in all
four indicators. In terms of classification indicators, its AUC value reached 0.85 and AP
was 0.75, both exceeding the current best-performing CAP model (0.81/0.73) and DRIVE
model (0.69/0.72), demonstrating stronger classification capabilities and risk identification
accuracy. In terms of time series prediction, the framework’s TTA 5 is 4.225 s and mTTA is
4.672 s, significantly better than DRIVE (3.657/4.295) and CAP (3.927/4.209), indicating that
the framework can capture potential high-risk events earlier and has better response speed
and stability in time series warning. This performance improvement can be attributed
to the synergy between its multi-layer attention fusion strategy and robust time series
modeling modules.

Table 2. Performance comparison of traffic accident prediction of our framework.

Baselines AUC 1T AP 1 TTAp5 (s) T mTTA (s) ©
DSA-RNN [47] 0.47 - 3.095 -
AdaLEA [48] 0.55 - 3.890 -
UncertaintyTA [49] 0.60 - 3.849 -
DRIVE [50] 0.69 0.72 3.657 4.295
CAP [9] 0.81 0.73 3.927 4.209
EAR-CCPM-Net 0.85 0.75 4225 4.672
(Proposed)

Note: arrows (1) indicate that higher values are better.

4.3. Ablation Variants of EAR-CCPM-Net

To explore deeper the structural roles played by the proposed EAR-CCPM, this section
conducts a series of ablation tests in a progressive way, ablating one large component after
another and comparing to the entire EAR-CCPM-Net. To be tested are the original Fusion
Module, the Text-to-Image Shift Fusion Layers (T2I-SFLayers), the Single Enhanced Module,
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and the Enhanced Cross-Hypothesis Interaction Module. Quantitative results are listed
in Table 3. The baseline performance of the overall EAR-CCPM-Net achieves the optimal
performance in all the metrics with an AUC of 0.853, AP of 0.758, TTA( 5 of 4.225 s, and
mTTA of 4.672 s, demonstrating strong early prediction capability and semantic stability.

Table 3. Ablation and variants of EAR-CCPM-Net.

Fusion T2I- Single Enhanced Enhanced
Model Name Module  SFLayers Module CHIM AUCT APT  TTAgs(9) T mTTA ()T
EAR-CCPM-Net
w /o Fusion X Vv Vv v 0.813 0.734 3.927 4.209
EAR-CCPM-Net
w/o T2I-SFLayer v X Vv Vv 0.826 0.740 3.997 4.371
EAR-CCPM-Net
w/o Single Vv v X Vv 0.837 0.749 4.089 4.482
Enhanced
EAR-CCPM-Net
w /o Enhanced Vv v Vv X 0.842 0.752 4.121 4.536
CHIM
EAR"E%)II)\A'N“ Ni Ni Vi N 0853 0758 4.225 1672

Note: arrows (1) indicate that higher values are better.

When the Fusion Module is removed, the performance drops most significantly among
all ablation variants, with AUC decreasing to 0.813 and AP to 0.734, while TTA 5 reduces
to 3.927 s. This highlights the critical role of early semantic alignment across modalities.
Without fusion, the model fails to establish a shared feature space, resulting in misaligned
representations and weakened cross-modal attention effectiveness.

Removing the T2I-SFLayers also leads to notable degradation, with AUC falling to
0.826 and AP to 0.740. The absence of progressive cross-modal interaction across layers
prevents effective hierarchical semantic blending, causing a delay in early risk signal
recognition (TTAg5 = 3.997 s). This demonstrates that cross-modal interactions must be
staged and recurrent, not single-step.

The performance gain owes to four excellent aspects of CCPM: (i) the first-ever Fusion
Module, with the very first modality alignment; (ii) progressive shift fusion in T2I-SFLayers
that allows deep semantic fusion at stages; (iii) hierarchical feature augmentation by Single
Enhanced Module and Enhanced Cross-Hypothesis Interaction Module that contributes intra-
as well as inter-level semantics richness; and (iv) using Cross-Gated Feedforward Networks
(CGEN ), selectively amplifying informative features and eliminating redundancy.

To further determine the optimal configuration of cross-modal fusion depth, we ex-
tend the ablation study by incrementally varying the number of T2I-SFLayers from 1 to
4. As reported in Table 4, the model performance improves progressively from one to
three layers. Specifically, a single-layer setting yields an AUC of 0.833 and AP of 0.743,
while the two-layer configuration achieves 0.842 and 0.748, indicating that deeper seman-
tic interaction facilitates stronger alignment across modalities. Notably, the three-layer
configuration outperforms all others, reaching the highest AUC (0.853), AP (0.758), and
earliest detection time (TTA( 5 = 4.225 s), establishing it as the optimal choice. However,
when a fourth T2I-SFLayer is added, performance slightly declines (AUC drops to 0.839,
AP to 0.745, TTA( 5 = 4.087 s), suggesting diminishing returns and potential overfitting
due to over-stacking. The non-monotonic trend confirms that while multi-stage interaction
is essential, excessively deep fusion introduces redundancy and noise propagation that
may interfere with early semantic clarity. These results empirically validate our architec-
tural decision to employ three progressive T2I-SFLayers as a balanced configuration deep
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enough to enable hierarchical cross-modal alignment yet compact enough to maintain
generalization and efficiency.

Table 4. T2I-SFLayer number ablation study.

. Number of
Variant Name T2I-SFLayer AUC 1T AP 1 TTAp5 (s) T mTTA (s)

EAR-CCPM-Net

o TS ayer 0 0.826 0.740 3.997 4371
E(fjl?zlcg{\gyﬁt 1 0.833 0.743 4.032 4412
%}r{;gxyxt 2 0.842 0.748 4107 4545
6 T2LSFLayer) ’ e e o
EAR-CCPM-Net 4 0.839 0.745 4.087 4.491

(4 T2I-SFLayer)

Note: arrows (1) indicate that higher values are better.

In the variant without Single Enhanced the model still retains T2I-SFLayers but lacks
local feature refinement at each stage. This results in an AUC of 0.837 and AP of 0.749,
indicating a measurable loss in performance. The mTTA also drops by nearly 0.2 s. The
results confirm that Single Enhanced Modules help stabilize intermediate representations,
enabling better feature propagation across layers.

To further investigate the optimal configuration of the Single Enhanced Module
number, the study conducted layer-wise ablation by varying the number of Single Enhanced
Modules from 1 to 4. As shown in Table 5, model performance steadily improves from 1
to 3 enhancement stages. With one single enhance layer, the model achieves an AUC of
0.846 and AP of 0.752, while the two-layer setting increases to 0.848 and 0.754, respectively,
suggesting that deeper intra-modal refinement contributes to more stable and expressive
intermediate representations. The configuration with three Single Enhanced Modules
reaches the peak performance across all metrics: AUC (0.853), AP (0.758), and TTA5
(4.225 s), validating it as the most effective design. The additional fourth layer shows no
further gain in AP (0.756) and results in slightly reduced AUC (0.851) and earlier TTA 5
(4.122 s), indicating marginal overfitting and oversmoothing of representations due to
excessive self-attention refinement. These findings confirm that while local enhancement is
necessary for robust temporal feature propagation and semantic stabilization, an overly
deep enhancement structure may degrade the diversity of feature responses. Therefore,
the three-layer configuration provides an optimal balance between expressive power and
generalization capacity in multi-stage fusion architectures such as EAR-CCPM-Net. The
Enhanced Cross-Hypothesis Interaction Module shows the least performance drop when
removed, yet the impact is still evident: AUC drops to 0.842 and AP to 0.752, while
early detection (TTAg5 = 4.121 s) is marginally reduced. This suggests that although
each stage produces aligned features, the absence of semantic reinforcement across levels
weakens the model’s global consistency and robustness, particularly in ambiguous or noisy
traffic scenarios.

Empirical results confirm that CCPM significantly improves the model’s temporal sen-
sitivity and semantic coherence compared to conventional approaches such as CAP, which
lack progressive multimodal enhancement. EAR-CCPM-Net consistently outperforms the
baseline across AUC, AP, and early detection metrics (I'TAg5, mTTA), demonstrating that
cross-modal alignment enables the model to detect early risk cues otherwise inaccessible to
late- or uni-modal fusion strategies.
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Further ablation experiments highlight the indispensable role of each CCPM sub-
component. The Fusion Module provides foundational semantic alignment, while the
T2I-SFLayers and Single Enhanced Module enable progressive feature refinement. The
Enhanced Cross-Hypothesis Interaction Module reinforces inter-level consistency. The
removal of any single component causes notable degradation, with early fusion proving
most critical. Depth-wise analysis reveals that a three-layer configuration of T2I-SFLayers
and the Single Enhanced Module achieves an optimal balance between representational
number and generalization.

Table 5. Single Enhanced Module number ablation study.

. Number of
Variant Name T2I-SFLayer AUCT AP 1T TTAp5 (s) T mTTA (s) T

EAR-CCPM-Net

w/o Single 0 0.837 0.749 4.089 4482
Enhanced

(1%?%&%%&221) 1 0.846 0.752 4,050 4.500

(3%?;;&%%&;) 3 0.853 0.758 4225 4672

(4%?;&%%23) 4 0.851 0.756 4122 4.635

Note: arrows (1) indicate that higher values are better.

4.4. EAR-CCPM-Net Performance Comparison

To evaluate the interpretability of the multi-layer attention mechanism in EAR-CCPM-
Net in multimodal semantic perception, this section introduces the mainstream attention
map alignment evaluation index to quantitatively analyze the attention distribution of
the model in the risk prediction process. This analysis is not intended to evaluate the
performance of the model in terms of prediction accuracy but focuses on whether its
internal attention maps are semantically consistent with the human cognitive path, thereby
verifying its interpretability and cognitive transparency.

Although EAR-CCPM-Net is not designed for the task of “driver gaze prediction”, the
gaze heatmap of real drivers in traffic scenes is widely regarded as a “reference standard
for cognitive rationality” in interpretability research. Recent studies [9,50] have shown that
if the attention heatmap generated by the deep model in the accident prediction process is
closer to the driver’s gaze area in space, its perception path and reasoning method are closer
to the human cognitive process, thus it has higher interpretability. Therefore, this section
uses the real driver’s gaze map as an evaluation benchmark and uses four common saliency
alignment indicators to compare the attention alignment performance of the framework
with multiple existing methods.

Table 6 shows the degree of alignment between the attention maps generated by
different models and the real driver’s gaze area under the MINI-Test data partition. The
four indicators used are Kullback-Leibler divergence (KLdiv, the lower the value, the better),
Pearson correlation coefficient (CC, the higher the better), heatmap distribution similarity
index (SIM, the higher the better), and shuffled-AUC (s-AUC, the higher it is, the closer
to the real gaze point). These indicators together reflect the spatial focusing accuracy and
cognitive consistency of the model’s attention area in risk scenarios. Among all evaluated
models, the framework achieves the best interpretability scores across most metrics, with
the lowest KLdiv (1.72) and the highest s~AUC (0.87), outperforming both early attention
models (e.g., BDDA: KLdiv = 3.32, s-AUC = 0.63) and more recent multimodal architectures
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(e.g., CAP: KLdiv = 1.89, s-AUC = 0.85). The improvements in s-AUC and CC indicate that
the framework’s attention heatmaps exhibit stronger spatial consistency with ground-truth
driver gaze regions. These gains can be attributed to the model’s multi-level attention
design, which enables progressive semantic refinement and modal interaction, resulting in
attention distributions that are not only spatially precise but also cognitively aligned with
human visual reasoning under driving conditions.

Table 6. The HASI Module performance comparison.

Baselines KLdiv | cCt SIM t s-AUC 1
BDDA [51] 3.32 0.33 0.25 0.63
DR (eye)VE [52] 2.27 0.45 0.32 0.64
ACLNet [53] 2.51 0.35 0.35 0.64
DADA [54] 2.19 0.50 0.37 0.66
DRIVE [50] 2.65 0.33 0.19 0.66
CAP [9] 1.89 0.38 0.28 0.85
(EAR-CCPM-Net) Proposed 1.72 0.40 0.29 0.87

Note: arrows (1) indicate that higher values are better; arrow (]) indicate that lower values are better.

To further substantiate the quantitative findings presented in Table 6, Figure 13 pro-
vides a visual comparison of attention heatmaps across three models: CAP, framework,
and the human gaze ground-truth. The comparison spans two representative frames (#085
and #145) from a real-world urban driving scenario. Each column, respectively, illustrates
the human attention distribution, CAP’s model output, and framework ‘s attention map.
In frame #085, both the ground-truth and framework clearly focus on the leading vehicle,
which is a potential source of risk due to its proximity and possible intention to decelerate
or change lanes. Compared to CAP, whose heatmap covers a broader but less precise
region including irrelevant parts of the road, the HASI framework maintains a focused and
centered attention distribution directly on the high-risk object. In frame #145, this pattern
continues: while the human gaze remains tightly centered on the vehicle directly ahead and
its motion trajectory, the HASI framework ‘s attention heatmap shows a similarly compact
and aligned focus. In contrast, CAP still demonstrates spatial divergence, with attention
slightly drifting to less critical areas such as the sidewalk or background vehicles.

# frame
085

# frame
145

170331 45:06:08

Ground-truth CAP EAR-Accident-Net

Figure 13. Visual comparison of attention heatmaps across ground-truth, CAP, and EAR-Accident-Net
on representative risk frames.
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These visual comparisons reinforce the saliency alignment metrics previously reported,
where the framework achieved the highest s-AUC (0.87) and lowest KLdiv (1.72). The
attention maps generated by the framework not only achieve finer spatial resolution but
also follow human-like cognitive trajectories in risk anticipation. This is largely attributed
to its hierarchical attention mechanism, which gradually refines spatial semantics from
coarse contextual awareness to entity-specific risk focus across visual and temporal layers.

5. Conclusions

This study successfully addresses research questions by proposing the EAR-CCPM-
Net, a novel early accident risk prediction framework built upon the Cross-modal Collab-
orative Perception Mechanism (CCPM). The CCPM integrates a multi-stage design that
includes Text-to-Image Shift Fusion Layers (T2I-SFLayers), the Single Enhanced Module,
and the Enhanced Cross-Hypothesis Interaction Module, allowing for progressive seman-
tic alignment and mutual reinforcement across visual, motion, and textual modalities.
Quantitative evaluations demonstrate the superior predictive performance of the model:
EAR-CCPM-Net achieves an AUC of 0.85 and AP of 0.75, representing respective gains
of +4% and +2% over the CAP baseline. Moreover, the model extends the average Time-
to-Accident (TTA(5) from 3.831 s to 4.225 s, confirming its enhanced capability for early
warning. Ablation studies further validate the contribution of each CCPM subcomponent
to semantic coherence and temporal awareness. These results collectively affirm that EAR-
CCPM-Net not only improves early-stage accident cue capture but also achieves robust
cross-modal semantic alignment, thereby fulfilling the design goals. While EAR-CCPM-Net
exhibits notable advances in multimodal fusion and early risk forecasting, several limita-
tions warrant further exploration. The current fusion paradigm primarily operates under
static cross-modal alignments, lacking sensitivity to the dynamic relevance of modalities
across varying traffic contexts.

Despite these contributions, several limitations remain. First, the current fusion strat-
egy operates under static cross-modal alignment and lacks context-adaptive mechanisms
to dynamically modulate the relevance of different modalities. Future work should explore
context-aware fusion architectures capable of adaptively weighting modality contributions
based on evolving traffic scene complexity and uncertainty. Second, the semantic textual
modality used in this study is derived from manually annotated descriptions, which limit
the model’s deployability in real-world, real-time systems. To mitigate this dependency, fu-
ture extensions will consider replacing textual input with automatically extractable features,
such as scene captions generated by vision-language models, object trajectory graphs, or
metadata from smart traffic infrastructure. Third, the adopted MINI-Train-Test sampling
strategy—consistent with prior work [9]—involves sliding window sampling within the
same set of accident videos, which may result in partial overlap between training and
testing clips. Although this design ensures fair comparison with existing baselines, it may
inadvertently introduce data leakage and overestimate model generalization. To address
this, we plan to implement stricter video-level separation protocols in future experiments.
Lastly, while the CCPM modules are supported by formal mathematical formulations, the
distinction between our proposed components and related mechanisms (e.g., VILBERT-style
cross-attention, original CGFN) requires further theoretical clarification and architectural
comparison. We aim to deepen the analysis of the unique inductive biases introduced by
our CCPM modules, particularly in the context of temporal anticipation and modality-
specific interaction.
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