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Abstract. An intelligent transportation system's primary goal is to automatically identify traffic accidents in surveillance 
footage; otherwise, collisions, unauthorized parking, unexpected traffic jams, lane crossings, and other safety and traffic 
issues would soon arise. The majority of current video detection techniques are either short-term motion cues or frame-
level visual feature descriptions; as a result, they are unable to characterize organized interactions between vehicles, lanes, 
and traffic flow conditions. This research proposes a framework for automatically detecting traffic accidents using 
spatiotemporal graph neural networks. Following the extraction of traffic objects from surveillance footage, dynamic traffic 
graphs are constructed using the position, velocity, lane affiliation, motion variation, and spatial closeness of these items. 
After that, a Spatio-temporal Graph Learning Module is implemented to compile the incident's temporal evolution patterns 
and local interaction features for classification. The experiment's components are arranged as follows: robustness under 
occlusion and heavy traffic, detection accuracy, false alarm rate, response time, incident-type identification, and ablation 
comparison. In comparison to frame-level deep models, the novel approach may increase the detection accuracy to 93.84%, 
decrease the false alarm rate to 5.21%, and lower the average response delay to 1.37. Thus, the challenge of real-time traffic 
video surveillance is a good fit for a graph-based model of time-series data. 
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Introduction 
As more and more urban highways and expressways are continually watched by video, safety management, 
congestion control, and emergency response have steadily come to pass. Traffic accident detection is currently 
a relatively high-value application area of intelligent transportation systems. Rarely are traffic accidents 
haphazard displays of color. In terms of vehicle cooperation, lanes, speed states, and road-space usage, it is 
typically a transient disorder. The capacity of the road can be quickly reduced by collisions, abrupt stops, hard 
braking, unlawful lane changes, pedestrian crossings, and traffic congestion. Although video surveillance offers 
a wide coverage area and inexpensive deployment costs, problems including occlusion, illumination fluctuations, 
scale variation, camera tremor, and dense object overlap in traffic scenes make it challenging to convert raw 
video streams into trustworthy event alarms [1]. By including object identification and tracking into the 
monitoring pipeline, several researchers have recently demonstrated that deep learning can outperform 
conventional hand-crafted algorithms in the recognition of traffic incidents [2]. Although they can identify cars 
and other road users in complicated images, traffic-oriented identification techniques based on convolutional 
networks and object detectors are nevertheless vulnerable to missed detections, transient occlusion, and 
unclear event boundaries [3]. Response speed is another issue, as a real-time accident detection system has 
shown; if it is delayed, the autonomous monitoring of road conditions cannot be performed efficiently [4]. 
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Many current techniques still handle surveillance films as a series of separate frames or brief snippets, despite 
the fact that video-based deep models have enhanced the recognition capability of traffic monitoring systems. 
Because traffic events are quite relational, this design is not effective for incident detection. Dense traffic only 
becomes an incident when local motion collapses abnormally rather than fluctuating naturally; a stopped car is 
harmful if it blocks a lane and causes the next vehicle to slow down; an abrupt change in path is abnormal if it 
collides with other vehicles. A change in direction of motion before to an accident can serve as an early warning, 
according to pre-event detection studies [5]. Although they frequently rely on appearance-level similarities and 
do not explicitly represent vehicle interaction, transfer learning techniques can enhance accident recognition in 
various video scenarios [6]. Because road conditions are inherently spatially and temporally organized, graph 
learning in both space and time has been applied to traffic prediction [7]. Relational models are appropriate for 
transportation data with dynamic node-edge architectures, according to surveys of graph neural networks [8]. 
Additionally, dependencies between traffic flow, speed, and trajectory can be learned using graph 
representations rather than flat feature vectors, as demonstrated by attention-based and spectral graph models 
[9]. The relationship between visual perception and structured traffic reasoning has not yet been investigated 
because the majority of graph-based traffic research have concentrated on network-level predictions and have 
not addressed the issue of video-level incident identification [10]. 

In this paper, a spatiotemporal graph neural network-based automatic traffic accident identification system for 
surveillance footage is presented. The identified traffic items must first be transformed into a dynamic graph 
sequence, with nodes representing cars and other road users and edges based on temporal correlations, 
geographic closeness, relative motion, and lane relationships. Building traffic graphs from noisy video 
observations, learning discriminative interaction features under various traffic densities, and assessing the 
accuracy and real-time performance of incident detection are the three technical issues that the suggested 
approach must resolve. Incorporate temporal attention, graph-based spatial aggregation, object-level motion 
representation, and incident-oriented decision scoring to increase resilience to occlusion, decrease false alarms 
brought on by typical traffic, and provide earlier alerts for significant traffic incidents. 

Related Work 

Video-Based Traffic Incident Detection 

Deep learning-driven visual understanding has replaced rule-based motion analysis in video-based traffic 
accident identification. In order to identify stopped cars or sudden changes in flow, the early systems frequently 
employed background subtraction, optical flow, virtual detection lines, and speed thresholds. Although the two 
methods are straightforward and easy to comprehend, they necessitate manual threshold setting, fixed 
perspectives, and camera calibration. By directly learning visual characteristics from pictures and videos, deep 
learning-based techniques enhanced object recognition and event classification. Convolutional network-based 
accident detection and surveillance systems are more flexible than rule-based techniques in identifying aberrant 
visual states [11]. For traffic monitoring, multi-object detection and tracking frameworks can be utilized to 
continually ascertain the locations, motion trajectories, and possible conflict zones of objects [12]. 

In order to locate vehicles, roads, and other people in real time, the majority of traffic video analysis work now 
in use uses object detection algorithms like YOLO. Urban traffic monitoring, traffic offense detection, UAV 
vehicle detection, and adverse weather vehicle identification are all areas where YOLO-based traffic surveillance 
applications have been used [13]. While the models can operate at high frame rates, the issue of incident 
detection remains unresolved. An accident happens when a vehicle drives in a specific manner, interacts with 
other objects, and alters the surrounding traffic situation. A bounding box displays the position of a vehicle. 
Motion evolution prior to a visible accident can be utilized for early warning, according to research on traffic 
pre-accident detection [14]. When object interaction is not explicitly described, video anomaly detection 
techniques may confuse regular congestion, transient stop-and-go waves, and real occurrences [15]. 

False alarm control is another issue. In the camera footage, cars can be seen safely changing lanes in heavy traffic, 
slowing down before an intersection, and stopping at a traffic light. Based only on brief clips, appearance-based 
classifiers can view these occurrences as odd. By preserving the object's path and time sequence, object tracking 
can resolve this problem. In a dynamic surveillance environment, an effective multi-object tracking architecture 
links object detections across frames [16]. Additionally, Anticipatory Methods for Accidents have demonstrated 
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that temporal reasoning and visual explanations might assist individuals in anticipating the emergence of a 
hazardous scenario before it happens [17]. The relational structure between vehicles and lanes is not properly 
captured by many of the current video models, which still rely on grid-based visual elements. 

Spatio-Temporal Graph Learning for Traffic Scene Understanding 

Because traffic elements contain temporal and geographical linkages in a graph structure, graph neural networks 
are appropriate for traffic systems. In transportation forecasting, edges can have data like distance, topology, 
correlation, and learnt dependency, whereas nodes might be sensors, road segments, or automobiles. Road-
network traffic evolution has been successfully learned using gated graph wavelet recurrent networks, dynamic 
spatio-temporal graph attention models, and temporal spectral spatial retrieval graph convolutional networks 
[18]. In order to more accurately simulate the propagation of time and space in road traffic forecasting, 
spatiotemporal graph convolutional networks have also been expanded [19]. According to the research, graph 
topologies work better than conventional convolutional networks to represent non-Euclidean traffic 
relationships. 

Instead of using a fixed sensor network, visual observation can be used to generate a graph of video-based traffic 
accident detection. Research on vehicle trajectory prediction is relevant because it offers a model of how moving 
agents interact. By taking into account nearby cars and multimodal maneuvers, spectral temporal graph neural 
networks and hierarchical graph neural networks can learn future motion [20]. Relative position and motion 
compatibility are necessary to comprehend traffic behavior, as demonstrated by interaction-aware vehicle 
trajectory prediction techniques [21]. By taking into account the joint motion fields of cars and people, social 
interaction-weighted spatiotemporal networks have been extended to urban traffic scenarios [22]. As a result, 
the methods simulate the simultaneous interactions of multiple moving objects rather than observing individual 
vehicles in isolation. 

Sequence segmentation and action recognition have been implemented using spatiotemporal graph 
convolutional networks. Graph-based temporal reasoning can more accurately depict organized motion than 
frame aggregation alone, as demonstrated by vertex feature encoding, hierarchical temporal modeling, 
progressive graph convolution, and layered spatio-temporal graph networks [23]. These techniques' design 
principles apply to traffic videos even though they were frequently created for human actions or general 
sequence understanding: important objects should be represented as nodes, relations must be updated over 
time, and temporal aggregation can preserve abnormal transitions. This relates to learning abrupt speed decay, 
aberrant distance compression, lane conflicts, and stopped-object dissemination as graph-temporal patterns 
instead of individual image characteristics in traffic accident detection [24]. 

As a result, the earlier research offers three fundamental arguments. Local visual evidence and traffic objects 
are provided by video-based detection [25]. Temporal continuity is preserved using tracking and trajectory 
modeling [26]. Relation reasoning is carried out in a dynamic setting using spatiotemporal graph learning [27]. 
In order to incorporate object extraction, dynamic graph creation, temporal graph learning, real-time event 
scoring, and evaluation under real-world monitoring conditions, a unified surveillance-video incident detection 
framework has not yet been developed. In light of this issue, the current research proposes a Spatio-Temporal 
Graph Neural Network-based approach for autonomous traffic accident identification [28]. For real-world 
monitoring implementation, it will additionally take into account the response time, false alarm rate, occlusion 
robustness, and variations in incident kinds [29]. Additionally, studies in graph convolutional classification have 
demonstrated that graph-based representations can improve structured traffic classification performance by 
appropriately encoding spatial dependencies [30]. 

Spatio-Temporal Graph Neural Detection Method 

Traffic Object Extraction and Dynamic Graph Construction 

Initially, a series of dynamic traffic graphs is created from the surveillance video frames. Take a 10-frame-per-
second sample from each video clip, then add the 32 consecutive frames to the detection window. Trackers 
follow the same objects over multiple frames, whereas detectors locate items. The traffic scene is depicted as a 
graph for every frame, with recorded traffic objects at the nodes and connections linked to velocity and space 
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at the edges. Compared to clip-level visual classification, it is more representative of the traffic structure that 
typically causes accidents. The average number of tracked objects in each experiment clip is 11.3 in settings with 
an expressway and 18.6 at urban crossroads. 

𝐺𝐺𝑡𝑡 = (𝑉𝑉𝑡𝑡 ,𝐸𝐸𝑡𝑡 ,𝑋𝑋𝑡𝑡) Eq.(1) 
Here, the graph at time 𝑡𝑡 contains the node set, the edge set, and the node feature matrix. The graph is rebuilt 
at each time step to reflect object appearance, disappearance, lane transition, and traffic-density variation. This 
dynamic design is important because a traffic incident often changes the local graph topology, for example when 
one stopped vehicle creates a new dense following pattern behind it. 

Each node's features integrate motion and visual characteristics at the object level. The normalized bounding-
box location, object category confidence, lane index, velocity, acceleration, aspect-ratio variation, and tracking 
confidence are all included in the feature vector. To lessen reliance on camera resolution, normalize coordinates 
by frame width and height. To lessen detector jitter, velocity and acceleration are computed using the smoothed 
route of the previous five frames. 

𝑥𝑥𝑖𝑖𝑡𝑡 = [𝑝𝑝𝑖𝑖𝑡𝑡 , 𝑏𝑏𝑖𝑖𝑡𝑡 , 𝑐𝑐𝑖𝑖𝑡𝑡 , 𝑣𝑣𝑖𝑖𝑡𝑡 , 𝑎𝑎𝑖𝑖𝑡𝑡 , 𝑙𝑙𝑖𝑖𝑡𝑡] Eq.(2) 
This representation allows the model to distinguish between stationary objects, slow-moving vehicles, and 
vehicles with abrupt deceleration. For example, a vehicle with velocity below 1.2 m/s for more than 18 frames 
is not immediately treated as an incident; the model further examines whether surrounding vehicles form 
avoidance, compression, or lane-changing patterns. 

Edges are constructed according to spatial distance, relative speed, and lane relation. Two objects are connected 
when their normalized distance is lower than 0.18 or when they are located in the same lane-neighboring region 
and have a relative speed difference greater than 4.0 m/s. This rule preserves nearby traffic interactions while 
avoiding a fully connected graph that would introduce unnecessary computation. 

𝑒𝑒𝑖𝑖𝑖𝑖𝑡𝑡 = exp�−𝑑𝑑𝑖𝑖𝑖𝑖𝑡𝑡 /𝜏𝜏𝑑𝑑�exp�−Δ𝑣𝑣𝑖𝑖𝑖𝑖𝑡𝑡 /𝜏𝜏𝑣𝑣� Eq.(3) 

For two objects that are close in both space and time, the edge weight is really high. A nearby item in a different 
lane could be less significant than a vehicle in the same lane that is following; lane relation is likewise saved as 
an attribute of the edge. Tracked items are transformed into dynamic traffic graphs over the detection window, 
as illustrated in Figure 1. 

 
Figure 1. Dynamic traffic graph construction from surveillance video sequences 
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In order to eliminate short-term detector noise from security footage, quality filtering will also be carried out 
during the graph construction phase. Unless they cover a high-risk area, such the lane center or an intersection 
conflict zone, tracks shorter than eight frames are disregarded. The temporal module determines if an object is 
still relevant after lowering the tracking confidence of bounding boxes with a confidence of less than 0.35 rather 
than immediately discarding them. When a car is momentarily concealed behind a bus or big truck, this design 
does not experience an abrupt node disappearance. Additionally, the maximum number of nodes per frame is 
40. When more items are in the field of vision, they are arranged according to distance from the camera's center, 
motion changes, and lane occupancy. This restriction is not meant to disregard traffic outside the city; rather, it 
is necessary to maintain graph learning stability in extremely crowded areas where a large number of distant 
vehicles offer minimal assistance for accident recognition. 

Spatio-Temporal Graph Feature Learning 

Create a graph, then use graph convolution to discover spatial interaction aspects. Using learnt attention weights, 
gather messages from a node's neighbors. As a result, the model will not assign equal weight to all surrounding 
cars and will focus more on dangerous neighboring interactions, such as irregular stop propagation, quick 
distance decrease, and lane-blocking objects. 

ℎ𝑖𝑖𝑙𝑙+1 = 𝜎𝜎 �𝑊𝑊𝑠𝑠ℎ𝑖𝑖𝑙𝑙 + � 
𝑗𝑗

 𝛼𝛼𝑖𝑖𝑖𝑖𝑊𝑊𝑛𝑛ℎ𝑗𝑗𝑙𝑙� Eq.(4) 

The neighbor aggregation term adds interaction information, whereas the self-transformation term maintains 
the item in its initial condition. Because a stopped automobile may be acceptable at a traffic light but presents 
a risk when the car next to it swerves or brakes abruptly, separation is more effective in heavy traffic. 

Determine the attention coefficient using edge and node characteristics. A relationship with a strong incident 
linkage will be given a comparatively higher weight. For example, a car far away in a different lane will receive a 
lower attention value than a following vehicle with a small distance and a reasonably fast speed. 

𝛼𝛼𝑖𝑖𝑖𝑖 = softmax𝑗𝑗 �𝜙𝜙�ℎ𝑖𝑖 , ℎ𝑗𝑗 , 𝑒𝑒𝑖𝑖𝑖𝑖�� Eq.(5) 

The function 𝜙𝜙  is a learnable scoring function implemented by a lightweight multilayer transformation. In 
practice, each graph convolution block uses 64 hidden channels, and two graph blocks are stacked. This size 
keeps the computation suitable for real-time monitoring while preserving enough capacity for interaction 
modeling. 

Temporal evolution is modeled by aggregating graph states across the detection window. The temporal module 
receives graph embeddings from 32 frames and assigns higher weights to frames were interaction changes 
rapidly. This design is more effective than average pooling because incident evidence may appear only in a short 
part of the clip. 

𝑚𝑚𝑖𝑖
𝑡𝑡 = � 

𝐷𝐷

𝛿𝛿=0

𝛾𝛾𝛿𝛿ℎ𝑖𝑖𝑡𝑡−𝛿𝛿  Eq.(6) 

The temporal range 𝐷𝐷 is set to 8 frames, corresponding to 0.8 s under the sampling rate. This value captures 
shortterm motion changes without making the detector too slow. When 𝐷𝐷 is too large, the model may include 
irrelevant historical motion and increase response delay. 

A scene-level graph embedding is obtained by combining node-level attention pooling and temporal context. 
The pooling operation emphasizes nodes with high abnormality contribution, such as stopped vehicles, 
conflicting vehicles, or objects that cause local speed collapse. 

𝑧𝑧𝑡𝑡 = 𝜌𝜌({𝑚𝑚𝑖𝑖
𝑡𝑡}) + 𝜔𝜔({ℎ𝑖𝑖𝑡𝑡}) Eq.(7) 

The first term represents temporal node aggregation, while the second term preserves the current spatial state. 
Their combination helps the detector recognize both evolving incidents and sudden events. Figure 2 presents 
the spatiotemporal graph neural network architecture used for incident detection. 
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Figure 2. Spatio-temporal graph neural network for traffic incident detection 

 
The incident score is generated from the scene embedding. The score is updated frame by frame, and an alarm 
is triggered only when the score remains above the decision threshold for three consecutive frames. This 
temporal confirmation reduces false alarms caused by detector jitter or one-frame tracking errors. 

𝑟𝑟𝑡𝑡 = 𝜎𝜎(𝑤𝑤𝑟𝑟𝑇𝑇𝑧𝑧𝑡𝑡 + 𝑏𝑏𝑟𝑟) Eq.(8) 
The alarm threshold is set to 0.62 on the validation set. This threshold provides a balance between missed 
detections and false alarms. A lower threshold improves recall but increases alarms during normal congestion, 
while a higher threshold reduces false alarms but delays incident recognition. 

For multi-class detection, the model predicts four incident categories: collision, stopped vehicle, abnormal lane 
change, and sudden congestion. A normal traffic class is added during training so that the detector can learn 
boundaries between true incidents and ordinary traffic fluctuation. 

𝑦̂𝑦𝑡𝑡 = softmax(𝑊𝑊𝑜𝑜𝑧𝑧𝑡𝑡 + 𝑏𝑏𝑜𝑜) Eq.(9) 
In the fourth chapter, an incident-type analysis will be conducted using the class probability output. Before 
finally sounding the warning, the model saves the temporal confidence curve in addition to using the maximum 
probability to assess whether the alarm is stable. 

Instead of using a single detector throughout, a distinct Decision Layer is utilized to select various object 
detection modules based on the hardware environment at the time of deployment. A precise detector for small-
object localization can be operated on a high-performance server. The graph reasoning module won't change 
even if the edge device is a lightweight detector. A traffic monitoring network can be built using modularity, and 
cameras are typically dispersed over different sorts of road situations and linked to various computing 
equipment. 

Training Objective and Evaluation Protocol 

The training objective combines incident classification, early response, and model regularization. The 
classification loss uses class weights because normal clips are more frequent than incident clips. In the 
constructed dataset, normal traffic clips account for 61.8% , stopped-vehicle incidents account for 13.6% , 
sudden congestion accounts for 11.9%, collisions account for 7.4%, and abnormal lane changes account for 
5.3%. Weighted training prevents the model from ignoring rare but safety-critical incidents. 
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𝐿𝐿𝑐𝑐 = −�  
𝑐𝑐

𝜔𝜔𝑐𝑐𝑦𝑦𝑐𝑐log(𝑦̂𝑦𝑐𝑐) Eq.(10) 

The class weight is inversely related to class frequency. Collision and abnormal lane-change samples therefore 
receive higher weights than normal traffic clips. This is necessary because a detector that performs well only on 
normal traffic has little practical value for road safety monitoring. 

Early detection is encouraged by adding a delay penalty. The penalty increases when the model produces a 
stable alarm after the manually annotated incident onset. A small penalty is allowed before onset to prevent 
the model from being punished for recognizing pre-event patterns, but premature alarms far before the event 
are treated as false positives during evaluation. 

𝐿𝐿𝑑𝑑 = max(0, 𝑡𝑡𝑎𝑎 − 𝑡𝑡𝑜𝑜)/𝑇𝑇𝑤𝑤 Eq.(11) 
Here, 𝑡𝑡𝑎𝑎  denotes the alarm time, 𝑡𝑡𝑜𝑜  denotes the annotated incident onset, and 𝑇𝑇𝑤𝑤  is the detection window 
length. This term encourages the model to use temporal interaction cues rather than waiting for visually obvious 
post-incident states. 

Lastly, the optimization combines parameter regularization, delay penalty, and classification loss. Overfitting 
brought on the scene-specific backdrops and camera geometry is limited by the regularization term. The 
regularization and delay coefficients are set at 0.0005 and 0.30, respectively. Using the Adam optimizer, a batch 
size of 16 video clips, and an initial learning rate of 0.001, train for 80 epochs. For testing, choose the model with 
the highest validation F1-score. 

Accuracy, precision, recall, F1-score, false alarm rate, average reaction time, and model complexity are 
evaluation metrics. Since accuracy is a broad indicator of correctness, additional indicators should also be taken 
into account for traffic incident detection because false alarms and missed detections have distinct 
consequences. Recall indicates the number of real incidents that have been discovered, whereas precision 
indicates the accuracy of alerts. 

While a high-recall system will successfully identify a greater percentage of real incidents, a high-precision 
monitoring system will provide operators with fewer false alarms. The two indicators will be integrated in order 
to lower the quantity of false alarms brought on by an excessively sensitive threshold that is activated by every 
incidence. 

𝐹𝐹1 = 2𝑃𝑃𝑃𝑃/(𝑃𝑃 + 𝑅𝑅 + 𝜀𝜀) Eq.(12) 
The F1-score is used as the main balanced metric for incident classification. It is more informative than accuracy 
when normal clips dominate the dataset. False alarm rate is calculated at the clip level to evaluate the stability 
of the detector during normal traffic. 

𝐹𝐹𝐹𝐹𝐹𝐹 = 𝐹𝐹𝐹𝐹/(𝐹𝐹𝐹𝐹 + 𝑇𝑇𝑇𝑇 + 𝜀𝜀) Eq.(13) 
Response delay is measured as the time difference between the first stable alarm and the annotated incident 
onset. A lower delay indicates better real-time monitoring ability. 

𝐷𝐷𝑎𝑎 = mean�max(0, 𝑡𝑡𝑎𝑎 − 𝑡𝑡𝑜𝑜)� Eq.(14) 

Model complexity is represented by parameter count, floating-point operations, and average inference time per 
video clip. The proposed model contains 2.86 million parameters and processes a 32-frame clip in 41.6 ms on an 
RTX 3060 GPU. This configuration supports near real-time incident detection when combined with a lightweight 
object detector. 

Experimental Design and Analysis 

Overall Detection Performance and Incident-Type Comparison 

The experimental dataset contains 12,840 surveillance video clips from expressway segments, arterial routes, 
tunnel entrances, and urban crossroads. Prior to object extraction, resize the clips to 1280x720 and set each 
clip's duration to 3.2 seconds. Train, Validate, and Test The split ratio is 7:1:2. A frame-level CNN, a CNN-LSTM 
model, a 3D CNN, a video transformer, and a trajectory-only LSTM are contrasted with the suggested approach. 
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The overall detection results are shown in Figure 3. In comparison to CNN (86.72%), CNN-LSTM (88.46%), 3D 
CNN (89.31%), and video transformer (91.08%), the suggested model has a greater accuracy of 93.84%, as shown 
in Figure 3(a). The F1-score is shown in Figure 3(b); a model with an F1-score of 0.9126 has fewer false alarms 
and strong reliability. The suggested method's false alarm rate is 5.21%, whereas the frame-level CNN's is 10.64%, 
as seen in Figure 3(c). This is because static visual anomalies are easily confused with regular congestion [31]. 

 
Figure 3. Overall incident detection performance comparison. (a) Accuracy comparison. (b) F1-score comparison. (c) False alarm rate 

comparison. 
 

The benefits of spatiotemporal graph learning are not consistent across categories, according to incident type 
results. The category-level detection behavior is shown in Figure 4. The recall rate for collision detection is 
94.17%, as seen in Figure 4(a), and abrupt distance decrease and post-impact cessation lead to notable changes 
in graph topology. Because lane-blocking interactions and following-vehicle avoidance have been clearly 
modeled, stopped-vehicle identification has reached a recall of 92.36%, surpassing CNN-LSTM by 5.82%, as seen 
in Figure 4(b). The irregular lane-change detection findings are shown in Figure 4(c) with a recall rate of 88.49%; 
this is 3.76 percentage points greater than the video transformer even if it is lower than collision detection. 
Other causes of the inaccuracy include short-term trajectory overlap brought on by camera viewpoint and partial 
occlusion of lane markings [32]. 
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Figure 4. Incident-type detection performance analysis. (a) Collision recall comparison. (b) Stopped-vehicle recall comparison. (c) Abnormal 

lane-change recall comparison. 
 

A monitoring system's alarm module needs a comparatively easy way to gauge responsiveness. The temporal 
response behavior is depicted in Figure 5. As seen in Figure 5(a), the suggested approach outperforms CNN-
LSTM at 2.46s and 3D CNN at 2.18s with an average response delay of 1.37s. The alert time distribution is shown 
in Figure 5(b), and 71.3% of occurrences are identified within 1.5 seconds of their occurrence. The contrast of 
pre-event sensitivity is shown in Figure 5(c). When relative speed and headway compression occur prior to a 
visible collision or stop, the graph model reaches a comparatively high increasing score faster than the visual 
baseline. Temporal interaction patterns provide better warning evidence than individual visual frames, which is 
consistent with accident anticipation research [33]. 
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Figure 5. Response delay and temporal alarm behavior. (a) Average response delay comparison. (b) Alarm-time distribution. (c) Pre-event 

incident score evolution. 

Feature Contribution, Ablation, and Robustness Analysis 

To ascertain if the elements of temporal aggregation, edge attention, dynamic graph creation, and delay-aware 
loss contribute to the improvement, ablation experiments are carried out. The ablation results are displayed in 
Figure 6. Neighboring cars should not be treated equally because, as Figure 6(a) illustrates, the F1-score 
decreases to 88.04% from 91.26% when edge attentiveness is not applied. The model is less sensitive to brief 
aberrant transitions when average pooling is used in place of temporal aggregation, as Figure 6(b) illustrates. 
The response delay increases to 1.91 seconds from 1.37 seconds. A comparison of model complexity is shown 
in Figure 6(c). The suggested approach has 2.86 million parameters, which is considerably fewer than the video 
transformer's 8.74 million parameters but somewhat higher than the trajectory-only LSTM. As a result, the graph 
model enhances interaction reasoning at a low computing cost [34]. 
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Figure 6. Ablation analysis of spatio-temporal graph components. (a) F1-score under different module settings. (b) Response delay under 

temporal aggregation variants. (c) Parameter and inference-cost comparison. 
 

 
Figure 7. Robustness analysis under practical monitoring conditions. (a) Performance under occlusion levels. (b) Performance under traffic 

density variation. (c) Cross-scene generalization comparison. 
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Additionally, robustness analysis will change the traffic density, occlusion, and camera angle. The robustness 
result is shown in Figure 7. The suggested approach maintains an accuracy of 91.02% under light occlusion, while 
the CNN-LSTM model only achieves 85.76%, as seen in Figure 7(a). Heavy occlusion reduces accuracy to 86.45%, 
but the graph model is still able to deduce the links between visible neighboring vehicles. Traffic density has a 
detrimental impact on all models, as seen in Figure 7(b), however for clips with more than 25 objects, the 
suggested approach still has an F1-score higher than 88.00%. Cross-scene generalization is demonstrated in 
Figure 7(c); an accuracy of 89.27% is attained during testing on expressway clips and training on intersection and 
arterial scenes. Higher vehicle speeds and smaller objects are the primary causes of the decrease, while edge-
based relative motion continues to outperform pure appearance features [35]. 

The suggested approach is more suited for challenging circumstances, according to the feature contribution 
study. 31.6% of the learnt attention response is attributed to node motion properties, 24.9% to edge-relative 
speed, 18.7% to spatial distance, 13.5% to lane relation, and 11.3% to category confidence. The model depends 
more on traffic interaction than on item appearance, according to the distribution shown above. Relative speed 
and edge compression are minimal in typical traffic since numerous cars slow down simultaneously at a constant 
distance. A sudden change causes the local graph to change more quickly, with one or a few nodes becoming 
motion anchors and the surrounding edges changing quickly. In this manner, stop-and-go traffic will result in 
fewer false alarms [36]. 

As the event goes on, the model often shifts from single-object evidence to relation-level evidence based on the 
study of attention maps. Prior to a stopped-vehicle alert, focus shifts from the item that is slowing down to the 
other cars in line. The strongest edge is frequently found between two cars traveling apart at different speeds 
prior to a collision alert. The method works well for identifying whether an issue exists and, if so, where area of 
the local network is responsible for the alarm. 

The majority of false negatives, according to error analysis, happen in low-resolution night scenes, far-field 
expressway movies, and situations that are partially out of the camera's field of vision. At this point, node 
trajectories will become scattered and tracking confidence will decline. Temporary roadside parking, bus stops, 
and lawful turning procedures that seem to be anomalous lane changes are the primary causes of the false 
positives. Because the model needs relational consistency and temporal confirmation, it has fewer false alarms 
than the frame-level baseline. However, the edge construction module may link objects that are close in picture 
coordinates but far apart in real road geometry if the lane topology cannot be inferred from the image. Thus, 
lane segmentation or camera calibration can be utilized to increase the graph's robustness [37]. 

Deployment-Oriented Discussion 

Deployment analysis takes monitoring and computation stability into account. After object tracking, the detector 
processes a 32-frame clip in 41.6 ms. The test workstation's detection and tracking pipeline runs at 22.4 frames 
per second. Because incident alarms are generated during a brief time interval rather than for each raw frame, 
the edge GPU's average end-to-end speed of 14.8 frames per second is still appropriate for many traffic 
monitoring applications. By concentrating on tracked traffic objects and their relationships, graph models 
minimize the unnecessary background computation of 3D CNN and video transformer baselines [38]. 

Additionally, compared to a general-purpose video classifier, the model is easier to understand. The system can 
display high-attention nodes and edges for each alarm, indicating which vehicles and relationships are more 
accountable for the event score. Prior to an accident, most people focus more on the cars in front and behind 
them. After a local speed decline, the focus moves to the next queue in the case of a stopped vehicle. Traffic 
operators can swiftly identify the alarm and locate the matching car with the aid of the above understandable 
structure [39]. 

The final flaw is the inadequate quality of object tracking and detection. The graph sequence will be incomplete 
and temporal aggregation will be diminished if a vehicle is absent for more than 12 consecutive frames. Currently, 
tracking confidence and temporal smoothing are used to reduce this issue; nonetheless, intense glare or camera 
shake can still cause detection instability in extreme conditions. Additionally, rare cases are not extremely varied. 
Certain incidents are less common than regular stopped cars and collisions, such as falling goods or pedestrians 
crossing motorways. To increase the dependability of graph construction for widespread deployment, enlarge 
the incident data set and add road topological priors [40]. 



Automatic Traffic Incident Detection Algorithm for Surveillance Videos Using Spatio-Temporal Graph Neural Networks 
https://doi.org/10.64972/jaat.2024v2.272p17e:235-249 

247 
 

Conclusion 
This research proposes a spatio-temporal graph neural network-based automatic traffic accident identification 
system for surveillance films. Create dynamic graph sequences from recorded traffic items, then use graph 
convolution, edge attention, temporal aggregation, and delay-aware classification to discover incident-related 
interaction patterns. Compared to frame-level and clip-level video models, the framework is better at displaying 
vehicle interaction, lane blockage, speed decay, and local topological change. 

Graph-based temporal interaction modeling can be used for traffic incident detection based on the experimental 
results mentioned above. For all types of occurrences, the new method has typically improved accuracy, F1-
score, reduction of false alarms, and response time. Dense traffic, collision detection, and stopped-vehicle 
detection are some of its advantages, and object-level interactions offer stronger proof than appearance-level 
visual characteristics alone. 

Lane segmentation, camera calibration, multi-camera association, and lightweight edge deployment 
optimization may be added in the future. Increase the variety of event categories and the amount of real-road 
video data to enhance the capacity to generalize in challenging mixed-traffic scenarios, bad weather, and at 
night. 
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