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Abstract. For intelligent transportation systems, real-time traffic accident risk assessment is crucial, particularly in 
complicated urban road circumstances where vehicle trajectories, roadside perception, weather, speed, and traffic flow 
interact dynamically. A multimodal sensor data fusion framework for real-time accident risk assessment is proposed in this 
research. The technique creates a single spatiotemporal representation by combining camera-based visual features, radar 
motion data, vehicle trajectory data, traffic flow statistics, and environmental sensing factors. Short-term motion conflict, 
local traffic instability, and cross-modal risk consistency are captured by a lightweight fusion network. According to 
experimental results, the suggested approach outperforms single-modal and early-fusion baselines with an accuracy of 
94.1%, an F1-score of 92.8%, an AUC of 96.2%, and an average inference latency of 31.6 ms. The findings show that while 
preserving real-time applicability for intelligent traffic monitoring systems, multimodal fusion can enhance accident risk 
discrimination. 
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Introduction 
Ensuring road traffic safety has emerged as a major engineering challenge with the advent of intelligent 
transportation systems, connected vehicles, and urban traffic management. Cameras, millimeter-wave radar, 
loop detectors, roadside units, floating vehicle trajectories, weather sensors, and signal controllers are all 
installed on New Roads. Data on vehicle speed, lane-change behavior, traffic density, acceleration fluctuations, 
queue propagation, visibility, rainfall, and local congestion are all continuously gathered by the sensing sources. 
Unstable traffic circumstances, aggressive driving, short following distances, incorrect lane changes, poor vision, 
and slow driver reactions all contribute to accident risk, which is rarely caused by a single factor. Data-driven 
models have recently been used in traffic accident risk prediction research to find non-linear accident precursors 
in vehicular networks and traffic data [1]. Additionally, deep learning has been applied to increase the accuracy 
of crash severity prediction and uncover hidden risk patterns of various transportation parameters [2]. The focus 
of accident prediction research has shifted from retrospective statistical explanation to proactive prevention, 
with the aim now being to detect unstable traffic conditions before to an accident [3]. Dangerous driving 
practices and the local road environment both influence the likelihood of an accident, according to city-wide 
fusion models [4]. Research on machine learning-based traffic risk has also discovered that heterogeneous 
features improve warning reliability after processing in a single analytical framework [5]. 

Due to highly diverse, noisy, asynchronous, and geographically correlated transportation data, real-time 
accident-risk assessment remains a challenge despite the increasing complexity of traffic-sensing systems. 
Trajectory data describes continuous motion; radar signals provide relative speed and distance; traffic flow 
statistics reflect network-wide instability; camera images display lane occupation and visual conflicts; and 

  Journal of Applied Automation Technologies  

Re
se

ar
ch

 P
ap

er
 

 



Real-Time Traffic Accident Risk Assessment Based on Multimodal Sensor Data Fusion 
https://doi.org/10.64972/jaat.2023v1.287p9e:118-133 

119 
 

environmental sensors gather external risk conditions. Occlusion, sensor interference, or inclement weather 
might cause a single mode to fail, and basic early fusion can produce duplicate or contradicting data. The 
development of an urban traffic safety system should incorporate road, vehicle, and environment data through 
numerous sensors rather than employing a single sensor, according to several sources of accident prevention 
research [6]. The main causes of accidents differ by intersection, merging area, and pedestrian conflict zone, 
according to explainable accident risk models [7]. By combining traffic, weather, and other elements, several 
data sources have been leveraged to increase the accuracy of risk prediction [8]. Additionally, risk cues are weak 
in individual dimensions but significant following cross-feature coupling, according to multiple feature 
interaction models [9]. A short headway and relative speed must be taken into account jointly for early warning, 
according to proactive crash risk modeling in merging regions [10]. The need for temporal continuity and local 
road context is the main focus of research on spatiotemporal crash prediction [11]. The distribution of hazardous 
traffic contacts varies with space, according to pedestrian collision risk assessments based on POI and trip 
parameters [12]. Uncertainty estimation and sensor fusion are necessary for stable transportation monitoring, 
according to multi-camera and multi-sensor perception studies [13]. Because roadside devices typically cannot 
operate huge offline networks, compact perception models are also necessary [14]. Real-time safety applications 
require reliable output under sensor disruption and environmental changes, as demonstrated by driver warning 
systems based on several sensors [15]. 

Here, a novel approach to real-time traffic accident risk assessment based on multi-modal sensor data fusion is 
put forward. The goal is to develop a system that can display dangers in all-weather situations by integrating 
visual information, radar data, vehicle movement, traffic circumstances, etc. The three technical issues with the 
suggested approach are how to generate precise risk scores with minimal inference delay, how to extract 
discriminative spatiotemporal risk characteristics from various modalities, and how to align asynchronous sensor 
observations into a stable traffic state. The suggested framework is neither a single-sensor nor a static accident 
classification system; rather, it is for short-term risk discrimination under dynamic traffic situations. Reduce false 
alerts during bad weather, increase the precision of risk-level classification, and provide a deployable inference 
structure for edge-side intelligent transportation systems and roadside monitoring units. Delayed accident labels 
were not used in this study because of the engineering presumption that accident risk should be evaluated under 
changing traffic conditions. Speed limit adjustments, traffic signal changes, lane warnings, and other human 
control actions can all be carried out with a notice that is several seconds in advance. As a result, the model 
should pick up on antecedent trends including decreased headways, erratic speed variations, inconsistent sensor 
data, and unstable lane occupancy. Therefore, a single sensor pipeline cannot satisfy this demand because these 
sensors cover diverse aspects of the risk process. 

Related Work 

Traffic Accident Risk Prediction Based on Sensor Data 

Machine learning and deep learning techniques have replaced statistical crash-frequency models in the 
prediction of traffic accident risk. In the past, the techniques predicted the likelihood and severity of an 
automobile collision using road geometry, traffic volume, weather, time of day, and previous crash data. 
Although the two methods are rather easy to understand, they are not the best for real-time monitoring since 
they simply display summary data and are unable to record motion conflict at any given time. Vehicle speed, 
acceleration, traffic density, trajectory sequence, and contextual data have all recently been used by sensor-
based models to forecast crash risk or severity [16]. It has been demonstrated that accident risk models require 
precise multisource perception before prediction, and cooperative raw sensor fusion has been used to give a 
robust ground-truth generation for intelligent driving settings [17]. Research on sensor-independent fusion 
navigation has also demonstrated that, instead of employing preset weights, robust fusion should modify sensor 
contributions based on their reliability [18]. Research on camerasProbabilistic fusion can lower uncertainty in 
road-scene interpretation, as demonstrated by LiDAR fusion [19]. The multi-view sensor's alignment suggests 
that traffic data from dispersed devices needs to be spatially calibrated [20]. Although many-resolution sensor 
fusion structures are often optimized for detection rather than risk assessment, they improve object perception 
in complex road circumstances [21]. Research on autonomous driving decision-making has also employed cross-
semantic sensor fusion to acquire behavior-level knowledge through modality interaction [22]. However, a lot 
of studies on traffic accidents still rely on coarse spatial grids or historical traffic data, which makes them less 
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sensitive to short-term conflict situations like abrupt braking, forced merging, or unusual lane changes. A more 
detailed form that can link specific vehicle behavior at a given moment to more general traffic instability is 
needed for real-time roadside sensing. 

Multimodal Fusion and Spatiotemporal Learning in Intelligent Transportation 

Multi-modal data fusion is currently a key component of many technologies needed for autonomous driving and 
intelligent transportation systems. The traffic situation is observed using camera, radar, LiDAR, GPS trajectory, 
connected-vehicle messaging, and fixed detector data. A comprehensive framework for multimodal traffic 
prediction has been put forward, and the model of road-network conditions is enhanced using a variety of data 
[23]. Congestion prediction has also made use of multi-modal fusion and representation mapping, which are 
intimately linked to unstable driving behavior and accident exposure [24]. Additionally, multimodal data fusion 
has been used to predict traffic jams; traffic flow, speed, and contextual signals are all complementary [25]. The 
issues of significant temporal and spatial dependence in road conditions for traffic prediction are frequently 
addressed by graph neural networks [26]. Using an attention mechanism, attention-based graph prediction 
models concentrate on significant nodes and time intervals [27]. The evolution of traffic flow is altered by 
incident information, which should be explicitly taken into account, as demonstrated by dynamic multi-graph 
models for traffic accidents [28]. Topology modeling is efficient but computationally demanding in real-time 
deployment, according to surveys of graph neural networks for traffic prediction [29]. As a result, accident risk 
assessment differs from general traffic prediction in that it focuses on a rare and safety-critical state. The model 
should be consistent even if the quality of the sensors changes quickly, and it should be able to differentiate 
between an abnormal conflict and typical congestion. Cross-modal synchronization, adaptive reliability 
weighting, spatiotemporal interaction modeling, and computationally efficient risk assessment are all essential 
components of a workable system [30]. 

Multimodal Real-Time Risk Assessment Framework 

Multimodal Sensor Data Representation 

The framework synchronously gathers information from environmental sensors, trajectory probes, millimeter-
wave radars, traffic-flow detectors, and roadside cameras. They are all distinct kinds of transportation hazards. 
Lane occupancy, vehicle type, relative location, conflict region, etc. are all provided by visual features. The three 
characteristics of radar are relative acceleration, radial velocity, and range. Lane-changing behavior and motion 
continuity are characteristics of a trajectory. Density, average speed, speed variance, and queue length are 
characteristics of traffic flow. The amount of rain, visibility, light, and road conditions are examples of 
environmental factors. Initially, the raw observations are sampled every 0.2 seconds and mapped to a common 
time window of 2.0 seconds. In order to capture abrupt deceleration and local speed changes without going 
over the inference delay limit for real-time application, ten-time steps of the risk assessment cycle are used. 

The multimodal traffic state at time slice 𝑡𝑡 is defined by the concatenation of modality-specific embeddings after 
temporal alignment. 

𝑠𝑠𝑡𝑡 = Φ𝑣𝑣(𝑣𝑣𝑡𝑡) ⊕Φ𝑟𝑟(𝑟𝑟𝑡𝑡) ⊕Φ𝑞𝑞(𝑞𝑞𝑡𝑡) ⊕Φ𝑒𝑒(𝑒𝑒𝑡𝑡) Eq.(1) 
Here, various sensor inputs are simultaneously converted into compact feature vectors by the optical, radar, 
trajectory-flow, and environmental maps. Since each modality has been normalized and projected 
independently, the operator denotes feature joining rather than a straightforward raw data stack. Before fusion, 
all modalities are reduced to 64-dimensional embeddings to prevent the dominance of high-dimensional visual 
features. A short-term traffic status matrix is then used to depict the matched multimodal sequence. The 
multimodal traffic accident risk assessment framework's architecture is depicted in Figure 1, which illustrates 
how sensor observations are transformed into risk-oriented representations. 
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Figure 1. Architecture of the multimodal traffic accident risk assessment framework 

 
The temporal input window is expressed as a sequence of aligned multimodal states. 

𝑋𝑋𝑇𝑇 = [𝑠𝑠𝑡𝑡−𝑇𝑇+1𝑠𝑠𝑡𝑡−𝑇𝑇+2 … 𝑠𝑠𝑡𝑡] Eq.(2) 
T is set to 10 and the total input dimension per time step is 256, as can be seen in the implemented setup. 
Despite its modest size, this structure retains sufficient data regarding short-term traffic fluctuations. Reliability-
aware masking, rather than direct zero-padding, handles missing sensor values; that is, a low-quality camera 
frame or a missing radar return may be anomalous sensing conditions in and of themselves. 

A mode's reliability is determined by its completeness, temporal stability, and compliance with physical rules. 

𝜌𝜌𝑚𝑚 = sigmoid�𝜂𝜂𝑐𝑐𝑐𝑐𝑚𝑚 + 𝜂𝜂𝑠𝑠𝑢𝑢𝑚𝑚 + 𝜂𝜂𝑝𝑝𝑝𝑝𝑚𝑚� Eq.(3) 

The modality is temporally stable and compatible with other observations at that time if the reliability coefficient 
is comparatively high. For instance, the visual dependability is decreased and the radar branch in fusion is given 
greater weight if the camera is impacted by glare while the radar velocity is constant. Boost this design's 
resilience against partial sensor failure, low visibility, and occlusion. 

The original traffic variables' physical meaning is likewise preserved in the representation stage. Visual 
embeddings are limited to maintain lane occupancy, vehicle spacing, and conflict-region information in addition 
to being employed as abstract image descriptors. The relative velocity and range changes of time-to-collision 
are preserved by radar embeddings. Acceleration continuity, speed dispersion, and density change are 
preserved by trajectory and flow embeddings. Because weather and visibility typically serve as risk multipliers 
rather than direct collision initiators, environmental embeddings are purposefully low-dimensional. As a result, 
it is easier to understand for further risk analysis and is less likely to overfit the model on a single sensor. 

Cross-Modal Spatiotemporal Fusion Module 

Both local motion conflicts and global traffic instabilities are addressed by a cross-modal Spatio-temporal Fusion 
Module. The level of vehicle engagement in a monitored road segment is directly related to the likelihood of 
accidents. Reduced headway, relatively big speed increases, or erratic lane changes are only dangerous in heavy 
traffic. As a result, the model initially creates a local interaction graph with vehicles as nodes and edges based 
on lane connection, distance, and relative velocity. Conflict edges are constructed using camera and radar 
images, and temporal evolution is provided via trajectory and flow features. 

A condensed risk affinity score represents how strongly the two automobiles interact. 
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𝑎𝑎𝑖𝑖𝑖𝑖 = exp�−𝑑𝑑𝑖𝑖𝑖𝑖/𝜏𝜏𝑑𝑑� ⋅ sigmoid�Δ𝑢𝑢𝑖𝑖𝑖𝑖/𝜏𝜏𝑢𝑢� Eq.(4) 

If the relative speed is relatively fast and the distance is little, the affinity score will be higher. Update the graph 
to show the matching model modification at each time step. This local interaction graph is more likely to detect 
abrupt conflict creation than a fixed road-topology graph, which does not take actual vehicle movement into 
account. 

At every time step, normalized graph fusion is used to collect node-level interaction characteristics. 

ℎ𝑖𝑖𝑡𝑡 = 𝜎𝜎�𝑊𝑊𝑠𝑠𝑠𝑠𝑖𝑖𝑡𝑡 + � 
𝑗𝑗

 𝛽𝛽𝑖𝑖𝑖𝑖𝑊𝑊𝑔𝑔𝑠𝑠𝑗𝑗𝑡𝑡� Eq.(5) 

As a result, every vehicle or conflict area will be made aware of any potentially hazardous objects in the vicinity. 
The surrounding vehicles are also incorporated in the risk representation through interaction weights when a 
vehicle abruptly cuts in near a small headway distance. Because the intended application demands a quick 
response, the module is purposefully short, using only one graph aggregation layer and a temporal gated layer 
rather than a deep graph stack. 

A gated update that emphasizes sudden changes in speed, acceleration, and conflict affinity is used to illustrate 
temporal dependence. 

𝑔𝑔𝑡𝑡 = sigmoid�𝑊𝑊ℎℎ𝑡𝑡 + 𝑊𝑊𝑥𝑥𝑠𝑠𝑡𝑡 + 𝑏𝑏𝑔𝑔� Eq.(6) 

How much of the new conflict information is added to the previous hidden state is decided by the gate. Due to 
the gate's tiny size in stable traffic, slight sensor noise won't result in risk oscillation. The hidden representation 
reacts quickly when the gate is opened during fast deceleration or lane changes. 

The fused temporal feature is obtained by combining the current conflict-enhanced observation with the 
historical hidden state. 

𝑢𝑢𝑡𝑡 = 𝑔𝑔𝑡𝑡 ⊙ ℎ𝑡𝑡 + (1 − 𝑔𝑔𝑡𝑡) ⊙𝑢𝑢𝑡𝑡−1 Eq.(7) 
While avoiding an excessive dependence on a single noisy frame, the above architecture can maintain the 
model's responsiveness to changes in risk. As a result, during peak hours, the fusion module can maintain a 
steady risk level and initiate an early alert. 

The first is that there are differences between the two sources of accident risk. Aggregation-level graphs typically 
take into account local spatial relationships and issues such vehicle clusters, lane-changing difficulties, and close 
following distance. The progression of risk, such as a sharp rise in speed variance or a steady decline in time-to-
collision, is the emphasis of the gated temporal layer. The model produces a comparatively high-risk response 
when the two sources happen at the same time. The risk score will still be relatively high if there is only one 
cause, such as heavy but steady traffic or an isolated hard braking without any close cars. The two categories 
are separated in order to lower false alarms in the urban monitoring system. 

Real-Time Risk Scoring and Decision Output 

Lastly, use the aggregated multi-modal information to create accident risk scores. Low risk, medium risk, and 
high risk are the three risk output levels. Small distances and lower speeds are indicative of low risk. Unstable 
local traffic or fresh confrontations are signs of medium danger. Hazardous behaviors include a short time to 
collision, sudden deceleration, quick lane changes, or notable discrepancy amongst sensor modalities are 
examples of high-risk behavior patterns. The cross-modal feature fusion and risk scoring method, which 
incorporates temporal aggregation, reliability weighting, and risk-level decision output, is depicted in Figure 2. 
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Figure 2. Cross-modal feature fusion and risk scoring mechanism 

 
The modality-weighted fused feature is computed using reliability coefficients and normalized attention weights. 

𝑓𝑓𝑡𝑡 = � 
𝑚𝑚

softmax(𝜌𝜌𝑚𝑚 ⋅ 𝑤𝑤𝑚𝑚) ⋅ 𝑓𝑓𝑚𝑚𝑡𝑡  Eq.(8) 

By using adaptive weighting, unreliable modalities are not given additional weight. The model will automatically 
give radar and trajectory features more weight when it is raining and visibility is diminished. Visual and flow 
elements are employed to make up for the lack of motion information when the radar return is sparse at a 
junction. 

The fused feature and the temporal conflict state are utilized to calculate the real-time risk score. 

𝑅𝑅𝑡𝑡 = sigmoid �𝑤𝑤𝑟𝑟𝑇𝑇tanh�𝑊𝑊𝑓𝑓𝑓𝑓𝑡𝑡 + 𝑊𝑊𝑢𝑢𝑢𝑢𝑡𝑡�� Eq.(9) 

The scalar score has a range of [0, 1]. The experiment divides the data into low-, medium-, and high-risk accident 
categories using thresholds of 0.35 and 0.70. During the validation phase, set the alert's upper and lower 
boundaries. 

A temperature-scaled decision layer determines all of the risk level's classification probability. Temperature 
scaling can modify the model's probability calibration to improve the output's suitability for traffic control. While 
a missed high-risk event cannot be disregarded, a calibrated score is necessary to prevent a misleading high-risk 
alarm that interferes with traffic control. 

The training goal is the total of the modality consistency regularization, temporal smoothness constraint, and 
risk classification loss. 

𝐿𝐿 = 𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐 + 𝜆𝜆𝑠𝑠‖𝑅𝑅𝑡𝑡 − 𝑅𝑅𝑡𝑡−1‖1 + 𝜆𝜆𝑐𝑐𝐷𝐷(𝑓𝑓𝑚𝑚; 𝑓𝑓𝑛𝑛) Eq.(10) 
To make the risk evidence of various modalities consistent, a consistency term is employed, and a smoothness 
term is added to lessen oscillations in neighboring time steps. AdamW is used for training optimization; early 
halting is enabled after 80 epochs, the batch size is 64, and the starting learning rate is 0.001. The resulting 
model is quite efficient, with 2.84 million parameters and an evaluation cycle speed of 31.6 ms on an edge GPU. 

Benchmark categorization is not necessary because the output layer is for actual work. A medium-risk output 
will soon be locally identified and monitored; a high-risk output will trigger warning rules or traffic light 
coordination; and a low-risk output can be chosen for regular observation. As a result, the model has produced 
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both a discrete risk category and a continuous risk value. The two outputs—a steady category alert and an 
uninterrupted value needed by an automatic controller for threshold adjustment—are useful for traffic planners. 

Experimental Design and Quantitative Evaluation 

Dataset Construction and Implementation Details 

The experimental dataset is constructed from multisource traffic monitoring records collected from urban 
intersections, arterial roads, and expressway merging areas. The dataset contains 186000 synchronized samples, 
including cameraderived visual descriptors, radar velocity observations, vehicle trajectories, loop-detector 
traffic flow statistics, and weather sensing variables. Each sample corresponds to a 2.0 s observation window 
and is labeled as low, medium, or high accident risk according to conflict intensity, time-to-collision, abrupt 
deceleration, lane-changing instability, and historical incident proximity. The dataset is divided into training, 
validation, and testing subsets with a 7: 1: 2  ratio. Data augmentation includes random sensor dropout, 
Gaussian radar noise, illumination disturbance, and trajectory jitter. The model is implemented using PyTorch 
and trained on an NVIDIA RTX 3090 GPU. Edge inference is tested on an embedded GPU platform with 16 GB 
memory. The normalized risk density for each observation window is calculated as follows. 

𝐷𝐷𝑇𝑇 =
1
𝑇𝑇
�  
𝑡𝑡

(𝜃𝜃1𝐶𝐶𝑡𝑡 + 𝜃𝜃2𝐵𝐵𝑡𝑡 + 𝜃𝜃3𝑉𝑉𝑡𝑡) Eq.(11) 

Here, conflict intensity, braking severity, and velocity dispersion are combined to support risk labeling and 
sample balancing. The final dataset contains 52.6% low-risk samples, 31.8% medium-risk samples, and 15.6% 
high-risk samples. This distribution reflects practical monitoring conditions where high-risk samples are 
relatively rare but safetycritical. 

The following three criteria are applied for classifying borderline samples in order to lessen the labels' ambiguity. 
First, if there is a significant speed fluctuation but the vehicle distance is still safe, the sample is not considered 
high risk. Second, if a sample exhibits both a brief headway and a sharp rise in relative speed at the same time, 
it is not considered low-risk. Third, unless there is erratic movement or poor sight, bad weather won't 
immediately raise the risk label. The guidelines can stop the model from learning erroneous associations and 
align the labels with the real traffic safety reasoning. 

Evaluation Metrics for Accuracy and Real-Time Performance 

The precision of risk assessment and the speed of real-time operation are the indications. Accuracy, precision, 
recall, F1-score, AUC, number of parameters, model size, FLOPs, and average inference latency are used to 
compare the techniques. Single-camera CNN, radar-only classifier, trajectory-only temporal model, early-fusion 
multilayer perceptron, late-fusion classifier, LSTM fusion network, graph neural network, and the suggested 
multimodal fusion model are examples of baselines. Because there are fewer samples in the high-risk class than 
in the low-risk class, a macro-averaged classification score is employed. 

𝐴𝐴𝐴𝐴𝐴𝐴 =
𝑁𝑁𝑙𝑙𝑙𝑙 + 𝑁𝑁𝑚𝑚𝑚𝑚 + 𝑁𝑁ℎℎ

𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎
 Eq.(12) 

Accuracy measures overall risk-level classification correctness, but it may be biased by the dominant low-risk 
samples. Therefore, class-balanced recall and F1-score are also reported. 

𝐹𝐹1macro =
1
3
� 
𝑐𝑐

2𝑃𝑃𝑐𝑐𝑅𝑅𝑐𝑐
𝑃𝑃𝑐𝑐 + 𝑅𝑅𝑐𝑐

 Eq.(13) 

Real-time performance is evaluated by the average inference time over 10000 assessment windows. The latency 
includes feature projection, fusion, graph interaction, temporal update, and risk scoring. 

𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎 =
1
𝑁𝑁
�  
𝑖𝑖

�𝑡𝑡𝑖𝑖𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖� Eq.(14) 
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A method is considered suitable for real-time roadside monitoring when its average latency is below 50 ms and 
its high-risk recall remains above 90%. The proposed model is optimized under this dual constraint rather than 
maximizing accuracy alone. 

In addition to overall metrics, the evaluation records class-level errors because the cost of different errors is 
unequal. Misclassifying a high-risk state as low risk is more serious than confusing low and medium risk. 
Therefore, the analysis pays special attention to high-risk recall, medium-risk precision, and the distribution of 
false alarms. Latency is measured after 100 warm-up iterations to avoid initialization bias, and all inference tests 
use the same batch size of 1 to match online deployment. 

Baseline Models and Experimental Protocol 

The same data split, risk labels, and preprocessing procedures are used for training and testing all of the base 
models. The independent contributions of camera, radar, trajectory, and traffic-flow inputs are evaluated using 
single-modal baselines. Late fusion averages modality-level prediction scores, while early fusion concatenates 
all features prior to classification. While the graph neural network baseline solely represents local vehicle 
interactions, the LSTM fusion baseline takes into account the time-varying features of the data. Reliability-aware 
modality weighting, dynamic interaction graph aggregation, temporal gated fusion, and calibrated risk scoring 
are the four that were not part of the prior baselines. Each experiment is conducted five times, and 
hyperparameters are selected using the validation set. In the results section, a standard deviation and the mean 
of the reported findings are displayed. 

Preventing any benefit for the different input data is the goal of the comparison process. The maximum quantity 
of data that each baseline's structure can manage is provided. A radar-only model receives a series of ranges 
and velocities for every object identified, while a camera-only model obtains visual descriptors of every 
monitored lane. Fusion baselines do not employ dynamic interaction updates or reliability-aware weighting, but 
they do get the same multimodal input as the suggested model. The configuration will guarantee that the new 
fusion mode—rather than the addition of additional sensor data—is the cause of the observed performance 
gain. 

Additionally, the experiment's surroundings are not uniform. Turning conflicts, pedestrian interference, and 
signal-phase changes are all present in intersection samples. Stop-and-go waves and queue spillback are present 
in arterial-road samples. High-speed lanes and abrupt shifts in relative velocity are characteristics of expressway 
merging samples. The results analysis will reveal overall performance, modality contribution, scenario 
discrimination, robustness, and deployment efficiency separately because evaluating all scenarios together 
would conceal scenario-specific flaws. 

Result Interpretation and Comparative Analysis 

Overall Risk Assessment Performance  

The suggested approach greatly surpasses the single-modal and traditional fusion baseline, with an overall 
accuracy of 94.1%, a macro F1-score of 92.8%, a macro recall of 93.6%, and an AUC of 96.2% on the test set [31]. 
Figure 3 compares the overall performance of accident risk assessment; Figure 3(a) displays the accuracy and 
F1-score of different models; Figure 3(b) displays the precision-recall curve for samples at low, medium, and 
high risk; and Figure 3(c) displays the confusion matrix of risk-level classification by the suggested model. 
Although the accuracy of the camera-only baseline is 87.9%, visual occlusion and light changes cause the recall 
for high-risk samples to drop to 81.4% [32]. With an F1-score of 84.7%, the radar-only baseline performs better 
in low visibility but is unable to identify trajectory-level instability [33]. Although early fusion has an accuracy of 
90.3%, it does not explicitly address the issue of unreliable modalities and keeps redundant features [34]. By 
using temporal conflict modeling and reliability weighting to differentiate between normal congestion and 
collision-prone circumstances, the suggested approach reduces the percentage of high-risk misclassification by 
28.5% when compared to the early fusion method [35]. 

The majority of the remaining errors, according to the confusion matrix, are between medium-risk and high-risk 
states rather than between low-risk and high-risk states. Medium-risk alerts will still be closely monitored, but 
it is safe enough. The equivalent value for early fusion is 4.9%, while just 1.8% of high-risk samples are incorrectly 
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categorized as low-risk. Thus, it can be said that multimodal temporal evidence is highly effective in detecting a 
sharp rise in risk. 

 
Figure 3. Overall accident risk assessment performance comparison. (a) Accuracy and F1-score comparison. (b) Precision-recall 

performance comparison. (c) Risk-level classification confusion matrix 

Multimodal Fusion Contribution Analysis 

According to the contribution study, multimodal fusion works best when there are several interrelated elements 
contributing to the traffic risk rather than just one aberrant trait [36]. The feature contributions of various sensor 
modalities are depicted in Figure 4. Figure 4(a) shows that visual features are in charge of lane occupation, 
vehicle proximity, and visible conflict regions; Figure 4(b) shows that radar and trajectory features account for 
the recognition of relative velocity, abrupt braking, and motion instability; and Figure 4(c) shows that 
environmental features are more significant in situations involving rainfall, low visibility, and nighttime 
illumination. The high-risk recall decreases from 93.8% to 88.1% when radar and trajectory inputs are excluded, 
and the overall accuracy falls from 94.1% to 91.0% without the visual branch. In favorable weather, 
environmental factors make for only 4.6% of the average feature weight; in unfavorable weather, this 
percentage rises to 15.2%. Consequently, the modification suggests that different weights will be assigned to 
different sources at different periods using adaptive weighting [37]. 
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Figure 4. Feature contribution of different sensor modalities. (a) Visual feature contribution. (b) Radar and trajectory feature contribution. 

(c) Environmental feature contribution 
 

It is also possible to demonstrate how the fusion framework improves risk discrimination using scenario-based 
analysis [38]. In particular, Figure 5(a) depicts an intersection conflict scenario with frequent turns and crossings, 
Figure 5(b) depicts a high-speed lane-changing scenario where the headway is short and the relative velocity 
changes quickly, and Figure 5(c) depicts a low-visibility condition brought on by rain and darkness. By jointly 
modeling trajectory curvature and visual conflict zone features, the new model has improved the graph baseline 
for the medium-risk F1 score by 5.7 percentage points at the intersection. Through radar-relative velocity and 
trajectory continuity, lane-changing situations minimize the number of missed high-risk alarms by 6.4%. By 
utilizing radar and flow features more extensively, the suggested model still achieves 91.7% accuracy in low 
visibility, while the camera-only baseline falls to 80.5% accuracy [39]. 



Real-Time Traffic Accident Risk Assessment Based on Multimodal Sensor Data Fusion 
https://doi.org/10.64972/jaat.2023v1.287p9e:118-133 

128 
 

 
Figure 5. Risk discrimination under complex traffic scenarios. (a) Intersection conflict scenarios. (b) High-speed lane-changing scenarios. (c) 

Low-visibility traffic scenarios 

Robustness and Real-Time Deployment Analysis 

In order to assess robustness, one modality is excluded, sensor noise is added, and the sensor sampling rate is 
reduced [40]. The robustness analysis under sensor noise and missing data is depicted in Figure 6. Specifically, 
Figure 6(a) shows the performance under visual noise due to blur and illumination disturbance, Figure 6(b) shows 
the radar disturbance due to velocity jitter and missed returns, and Figure 6(c) shows the condition of missing 
modalities. The suggested model only loses 2.1 percentage points in F1-score when 20% of the visual frames are 
disturbed, whereas early fusion loses 6.8 percentage points. The percentage of high-risk recollections decreased 
from 93.8% to 91.0% under radar disturbance, indicating that the trajectory and visual conflict features can 
partially offset radar uncertainty. In the absence of the environment, performance decreases by 3.9 percentage 
points in the rain and is marginally worse in regular weather. The findings demonstrate how the model retrieved 
sensor information and gave these signals varying weights based on traffic circumstances and signal quality. 
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Figure 6. Robustness analysis under sensor noise and missing data. (a) Performance under visual noise. (b) Performance under radar 

disturbance. (c) Performance under missing modality conditions 
 

The deployment experiment indicates that the suggested model satisfies the real-time monitoring requirements. 
Figure 7 compares the real-time deployment performance; Figure 7(a) displays the baseline model's inference 
delay; Figure 7(b) displays the throughput under various sensor sampling rates; and Figure 7(c) displays the edge-
device deployment outcomes. The suggested approach has an average delay of 31.6 ms, which is less than that 
of the deeper graph neural network (57.4 ms) and the LSTM fusion model (48.9 ms). The inbuilt GPU of the 
model can process 31.2 assessment windows per second, and even after increasing the frame rate from 10 
frames per second to 20 frames per second, the throughput remains over 24.5 windows per second. The model 
is appropriate for the roadside unit with limited processing capacity because it is 11.8MB in size and comprises 
roughly 2.84 million parameters. A compact fusion design has been employed to minimize memory transfer and 
enable online risk monitoring for traffic management systems due to the slight latency difference between the 
desktop and edge GPUs. 
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Figure 7. Real-time deployment performance comparison. (a) Inference latency comparison. (b) Throughput under different sensor rates. 

(c) Edge-device deployment performance 
 

Additionally, latency research reveals that on the embedded platform, the latency for feature projection is 8.4 
ms, graph interaction is 9.7 ms, temporal fusion is 6.3 ms, and risk scoring is less than 2.0 ms. The distribution 
demonstrates that the interaction model, not the final classifier, has the most computing cost. Consequently, 
sensor-feature caching and sparse conflict graph generation will be the next areas of acceleration. To update 
the risk state at a frequency appropriate for a standard roadside perception system, the model does not require 
any optimization. 

Because it does not require deep frame-level object reasoning at every stage, the suggested method is more 
deployment-friendly for online risk monitoring than a heavy video-only network. The tracking results, radar data, 
and detector statistics that are already accessible from numerous intelligent roadside units can be utilized by 
the system. Eliminate unnecessary calculations and enhance the warning pipeline's stability at varying sensor 
rates. The findings also demonstrate that, as a high-accuracy model with high latency might not be feasible for 
real-time accident prevention, multimodal fusion should be assessed based on both safety performance and 
operating cost. 
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Conclusion 
A framework for evaluating the risk of traffic accidents in real time using multimodal sensor data fusion. The 
system as a whole is an integrated spatiotemporal graph of traffic flow statistics, radar motion data, vehicle 
trajectory information, and camera-based visual perception. According to the findings, when compared to 
single-modal and conventional fusion baselines, multimodal fusion greatly improves the accuracy of risk-level 
categorization in high-risk conditions, such as abrupt braking, short distance, lane-changing instability, and bad 
weather. 

The cross-modal spatio-temporal fusion module is the primary cause of the performance enhancement. 
Dynamic interaction modeling takes into account short-term risk fluctuations and local vehicle conflicts, while 
reliability-aware modality weighting lessens the effect of noisy or absent sensor data. The new method's average 
inference speed is quick enough for roadside monitoring to operate in real time, and it has good accuracy and 
F1 scores. It is appropriate for edge-side traffic safety applications and intelligent transportation systems 
because it strikes a solid balance between computing economy and discriminatory power. 

By including vehicle-to-infrastructure communication, high-definition map restrictions, driver behavior intention, 
and more comprehensive cross-city traffic data, further work can expand the framework. To enable longer 
operation in the face of shifting traffic conditions and sensor configurations, model compression, online 
calibration, and adaptive threshold update should also be investigated. 
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