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ABSTRACT 

 

ARTICLE INFO 

The increasing frequency of road accidents highlights the 

urgent need for intelligent systems capable of real-time incident 

detection to support rapid emergency response. This paper 

presents a lightweight spatiotemporal accident detection 

framework that integrates a single-stage object detection model 

with an auxiliary motion-analysis stream based on dense optical 

flow. By jointly exploiting spatial appearance information and 

short-term temporal motion variations, the proposed system aims 

to improve robustness in complex traffic scenes while 

maintaining real-time performance. Unlike conventional 

approaches that rely solely on frame-wise object detection, the 

framework captures motion irregularities surrounding collision 

events to mitigate false alarms caused by normal traffic 

dynamics. A multi-source dataset was curated from publicly 

available traffic surveillance images and accident-related video 

clips obtained from heterogeneous sources, encompassing 

diverse viewpoints, traffic densities, and environmental 

conditions. The system was evaluated against representative 

object detection baselines using standard detection metrics, 

along with inference time analysis to assess deployment 

feasibility. Experimental results demonstrate that the proposed 

fusion-based approach achieves improved detection consistency 

with low computational overhead, making it suitable for real-

time surveillance applications. The study highlights the 

effectiveness of combining spatial detection with simple 

temporal motion cues for practical accident monitoring in 

intelligent transportation systems, while also discussing current 

limitations and directions for future enhancement. ©authors. 
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1. Introduction 

Road traffic accidents remain a major 

global public safety challenge, resulting in 

substantial loss of life, serious injuries, and 

economic burden each year (World Health 

Organization, 2023). Timely identification of 

accident events is essential for reducing 

emergency response delays, particularly 

during the critical “golden hour,” when rapid 

medical intervention can significantly 

improve survival outcomes. Despite 

advances in intelligent transportation 

systems, accident detection and reporting in 

many regions still depend on manual 

notification by witnesses or vehicle 

occupants, which may be unreliable in low-

traffic areas, adverse weather conditions, or 

poorly connected environments (National 

Highway Traffic Safety Administration, 

2023). 

Early research on automated accident 

detection has largely focused on vehicle-

centric sensing, using accelerometers, 

gyroscopes, GPS signals, or vehicle-to-

vehicle (V2V) communication to infer 

abnormal motion patterns indicative of 

collisions. While such approaches can be 

effective for connected and modern vehicles, 

they face notable limitations, including 

additional hardware requirements, lack of 

compatibility with legacy vehicles, and 

limited situational awareness beyond the 

instrumented vehicle itself (National 

Instrument Group, 2022). In contrast, 

roadside surveillance cameras and urban 

CCTV networks offer continuous and wide-

area visual monitoring of traffic 

environments. However, these systems 

typically rely on human operators, making 

continuous real-time monitoring impractical 

at scale.  

Recent progress in computer vision and 

deep learning has enabled real-time object 

detection and video analysis using 

convolutional neural networks, particularly 

single-stage detectors such as the YOLO 

family and its variants (Redmon et al., 2016; 

Jocher et al., 2021). These models have 

demonstrated strong performance in 

detecting vehicles, pedestrians, and traffic 

objects in complex scenes. Nevertheless, a 

substantial body of existing accident 

detection research still formulates the 

problem primarily as a frame-level spatial 

detection task, with limited consideration of 

the temporal motion patterns that 

characterize collisions, near-miss events, and 

abrupt traffic disruptions. As a result, such 

approaches may generate false alarms under 

dense traffic conditions or fail to capture 

subtle pre- and post-collision dynamics that 

unfold over time. 

Furthermore, many reported studies rely on 

relatively small or single-source datasets, 

often with insufficient disclosure regarding 

data provenance, annotation protocols, class 

distributions, or train–test separation 

strategies. This lack of transparency 

complicates reproducibility and raises 

concerns about the generalizability of 

reported results to real-world surveillance 

deployments characterized by diverse 

viewpoints, traffic densities, and 

environmental conditions. 

Motivated by these limitations, this study 

investigates a lightweight spatiotemporal 

accident detection framework that integrates 

spatial object detection with explicit motion 

analysis. Rather than proposing an entirely 

new detection architecture, the focus is on a 

carefully engineered two-stream design in 

which a real-time object detector extracts 

spatial cues from individual frames, while a 

dense optical flow stream captures short-

term motion irregularities associated with 

accident events. The outputs of these streams 

are fused at the decision level to exploit 

complementary spatial precision and 

temporal sensitivity, following established 

principles in two-stream video analysis 

(Feichtenhofer et al., 2016). 

To ensure reproducibility and robustness, 

experiments are conducted using a 

heterogeneous collection of publicly 

available traffic surveillance images and 

accident-related video clips sourced from 

multiple repositories, including surveillance-

style datasets, traffic anomaly benchmarks, 

and online crash video collections (Naphade 

et al., 2020; Chen et al., 2020). All data 
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sources, annotation procedures, and dataset 

splits are explicitly documented. Model 

performance is evaluated not only using 

spatial detection metrics, but also through 

event-level temporal measures such as 

detection delay and false alarm rates, which 

are more appropriate for real-time accident 

detection in video streams. 

 Comparative experiments against 

representative object detection baselines are 

performed to assess both detection accuracy 

and real-time feasibility under practical 

deployment constraints. Accordingly, this 

work emphasizes methodological clarity, 

reproducibility, and real-time feasibility 

rather than architectural novelty, which is 

consistent with the applied scope of 

intelligent transportation systems.The 

contributions of this work are threefold: (1) a 

reproducible multi-source accident dataset 

with explicit annotation and split protocols; 

(2) a controlled empirical study of decision-

level spatiotemporal fusion under weak 

supervision and real-time constraints; and (3) 

the introduction of event-level temporal 

evaluation metrics for practical accident 

detection. 

The remainder of the paper is organized as 

follows. Section 2 reviews related work in 

video-based accident detection and 

spatiotemporal learning. Section 3 describes 

the dataset construction, model architecture, 

and training procedure. Section 4 presents 

experimental results and discusses their 

implications and limitations. Section 5 

concludes the paper and outlines directions 

for future research. 

 

2. Literature Review 

Automated road accident detection has 

been investigated from multiple 

perspectives, broadly categorized into 

vehicle-centric sensing approaches and 

vision-based traffic monitoring systems. 

Early research in this domain predominantly 

relied on in-vehicle sensors such as 

accelerometers, gyroscopes, GPS modules, 

and ego-motion estimation to identify 

abnormal dynamics, including sudden 

deceleration, sharp directional changes, or 

high-impact events associated with collisions 

(Dickmanns & Mysliwetz, 1992). While 

such methods enable prompt detection 

within equipped vehicles and can be 

integrated with emergency alert services, 

their applicability is inherently limited to 

sensor-enabled vehicles and they lack 

broader situational awareness, often resulting 

in ambiguous or false detections in complex 

traffic environments. 

Vision-based accident detection methods 

instead leverage video data from roadside 

CCTV cameras, dashcams, or aerial 

platforms to analyze traffic scenes directly. 

Early vision-based studies employed hand-

crafted motion descriptors and optical flow 

techniques to characterize abnormal motion 

patterns indicative of anomalous events 

(Farnebäck, 2003). Subsequent research 

incorporated convolutional neural networks 

(CNNs) and recurrent neural networks 

(RNNs) to jointly model spatial appearance 

and temporal evolution in traffic videos 

(Fortun et al., 2015). Optical flow has 

remained a widely adopted mechanism for 

capturing short-term motion irregularities in 

traffic anomaly and accident-related events 

due to its effectiveness in representing abrupt 

changes in motion dynamics. 

With the advent of real-time single-stage 

object detectors, such as YOLO and SSD, 

more recent studies have increasingly 

adopted YOLO-based architectures 

(YOLOv3–YOLOv7, YOLOv5) for traffic 

monitoring and accident detection tasks 

(Wang et al., 2024). These models offer high 

inference speed and strong spatial detection 

performance, making them attractive for 

real-time applications. However, many 

YOLO-based accident detection approaches 

primarily formulate the problem as frame-

level object or scene classification, implicitly 

assuming that accident events can be inferred 

from isolated frames. This formulation often 

overlooks the temporal evolution of 

collisions, including pre-crash motion 

irregularities and post-impact dynamics, 

which are essential for distinguishing true 

accidents from dense traffic interactions or 

sudden non-impact braking events. 

To address these temporal limitations, 

several studies have explored spatiotemporal 
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extensions incorporating attention 

mechanisms, temporal aggregation, or two-

stream architectures that combine spatial and 

motion cues (Wang et al., 2018; Tong et al., 

2022). While such approaches have 

demonstrated performance gains in action 

recognition, behavior analysis, and traffic 

flow understanding, many are not explicitly 

optimized for accident detection and are 

evaluated on generic activity datasets rather 

than crash-focused benchmarks. In addition, 

the degree of methodological innovation in 

some works remains limited, as fusion 

strategies are often adopted without detailed 

justification or systematic ablation analysis. 

Transformer-based detectors, such as 

DETR, have further advanced object 

detection by modeling global context and 

long-range dependencies without relying on 

anchor-based mechanisms (Carion et al., 

2020). Although effective in capturing 

complex spatial relationships, these models 

typically incur higher computational costs 

and longer training times, which constrain 

their applicability in real-time accident 

detection scenarios, particularly on edge or 

resource-constrained systems (Lea et al., 

2017). While recent studies have explored 

efficient transformer variants and hybrid 

CNN–transformer designs, their use in real-

time crash detection remains relatively 

underexplored. 

Across existing literature on traffic 

accident and video-based event detection, 

three recurring limitations can be observed. 

First, many approaches prioritize 

architectural complexity over deployment 

feasibility, often adapting off-the-shelf 

detectors or deep temporal models without 

systematically addressing real-time 

constraints or training stability. Second, 

dataset diversity and transparency remain 

limited, with evaluations frequently 

conducted on single-source or weakly 

documented datasets, which restrict 

reproducibility and generalization to 

heterogeneous traffic environments. Third, 

evaluation protocols predominantly rely on 

spatial detection metrics, despite accident 

detection being an inherently temporal and 

event-driven problem requiring motion-

aware assessment. 

Considering these gaps, the present study 

adopts a pragmatically motivated 

spatiotemporal framework that integrates a 

lightweight YOLOv8s-based spatial detector 

with explicit optical-flow-driven motion 

analysis. Rather than introducing new 

backbone networks or complex temporal 

architectures, this work focuses on the 

systematic design and evaluation of a 

lightweight spatiotemporal accident 

detection framework suitable for real-time 

surveillance. The contribution lies in 

demonstrating how fixed-weight decision-

level fusion can remain stable and effective 

under heterogeneous, weakly annotated 

image–video data and strict latency 

constraints. Through transparent multi-

source dataset construction, controlled fusion 

ablation, and the inclusion of event-level 

temporal evaluation metrics alongside 

standard detection measures, the study 

clarifies when and how short-term motion 

cues meaningfully complement real-time 

object detectors. The findings provide 

empirical guidance for bridging the gap 

between high-complexity spatiotemporal 

models and deployable accident detection 

systems, emphasizing practical applicability 

over architectural novelty. 

 

3. Method 

This study investigates a spatiotemporal 

framework for detecting road traffic 

accidents from fixed surveillance video 

streams under real-time operational 

constraints. The proposed methodology 

integrates frame-level object detection with 

short-term motion analysis to jointly exploit 

spatial context and temporal irregularities 

associated with collision events. Rather than 

formulating accident detection as a purely 

static classification problem, the system 

explicitly incorporates motion cues to 

improve discrimination between normal 

traffic interactions, near-miss events, and 

genuine accidents. 

The input of the system consists of 

continuous video streams sampled as 

sequential frames. For each frame, spatial 
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object detection is applied to localized traffic 

participants and relevant regions, while 

motion information is extracted from short 

frame sequences to characterize abrupt or 

anomalous movement patterns. The 

framework produces frame-level accident 

confidence scores, spatial bounding boxes 

corresponding to detected objects, and 

temporal indicators that estimate the onset of 

accident events at the sequence level. 

To support deployment in practical 

surveillance environments, the system is 

designed with a strong emphasis on low-

latency inference and stable performance 

under real-world conditions. Attention is 

given to robustness against illumination 

variation, adverse weather, partial 

occlusions, and changes in camera 

viewpoint, which are commonly encountered 

in fixed-camera traffic monitoring scenarios. 

 

3.1 Dataset Description 

To evaluate the proposed accident 

detection framework under diverse traffic 

and environmental conditions, a multi-source 

evaluation corpus was curated from three 

publicly available traffic imagery and video 

repositories. 
1. Roboflow Accident Detection Dataset: 

 3,200 surveillance images (640×640px).  

Classes: vehicle (4,800 instances), 

pedestrian (1,200), accident_region (2,100).  

(Roboflow Universe, 2024) 

2. CrashNet YouTube Collection:  

280 clips (720p@30fps, public domain). → 

4,500 frames extracted.  

(CrashNet Collection, 2023) 

3. AI City Challenge 2020 Track 3 Anomaly 

Videos:  

170 clips (1080p@25fps, CVPR non-

commercial). → 3,800 frames. (Naphade et 

al., 2020) 

In total, the curated corpus comprises 

approximately 8,000 annotated images and 

450 short video clips, corresponding to 

roughly 11,500 accident-related frames and 

23,000 normal traffic frames, yielding an 

approximate 1:2 accident-to-non-accident 

ratio. Video frames constitute approximately 

65% of the data and were sampled at 

uniform temporal intervals to reduce 

redundancy and mitigate scene bias. 

All frames were resized to 640 × 640 

pixels and normalized prior to training. 

Corrupted or low-quality frames were 

excluded. Data augmentation techniques 

including horizontal flipping, brightness and 

contrast adjustment, and additive noise were 

applied to improve robustness to 

illumination and viewpoint variations. 

Limited temporal perturbations were applied 

to video sequences to simulate frame rate 

variability. 

The dataset was partitioned into training 

(70%), validation (15%), and test (15%) 

subsets using stratified sampling to preserve 

class balance. To minimize information 

leakage, videos recorded at the same 

locations or camera viewpoints were 

assigned exclusively to a single split. 

 
3.1.1 Annotation Protocol 

Temporal annotations were designed to 

provide coarse but consistent supervision for 

short-term motion analysis rather than 

precise event boundary estimation. Each 

accident video clip was divided into three 

temporal phases: pre-impact, impact, and 

post-impact, defined using visually 

observable motion and interaction cues. 

The pre-impact phase corresponds to the 

interval immediately preceding a collision 

and is characterized by abnormal motion 

patterns such as abrupt trajectory deviation, 

rapid deceleration, or loss of lane stability. 

The impact phase is defined as the short 

temporal window around visible physical 

contact between vehicles or between a 

vehicle and roadside infrastructure. The post-

impact phase includes the immediate 

aftermath of the collision, typically marked 

by vehicle immobilization, secondary 

motion, or significant traffic disruption. 

Annotations were performed manually 

using the CVAT annotation tool by two 

graduate-level annotators with prior 

experience in traffic video analysis. An 

initial calibration phase was conducted on a 

small subset of videos to harmonize 

annotation criteria. Approximately 10% of 

the clips were double-annotated, and 

disagreements were resolved through joint 

review. No claim of frame-level temporal 
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precision is made, and the annotations are 

treated as weak temporal supervision 

suitable for short-window optical flow 

analysis. 

This annotation strategy reflects the 

practical constraints of real-world 

surveillance data and aligns with prior work 

in traffic anomaly and accident detection, 

where coarse temporal labels are commonly 

used to capture motion irregularities rather 

than exact event boundaries. 

 

3.2 Model Architecture 

The proposed framework adopts two-

stream spatiotemporal architecture, a design 

paradigm widely used in video analysis to 

decouple spatial appearance modelling from 

temporal motion modelling. The motivation 

for this choice is not to introduce a 

fundamentally new architectural concept, but 

to systematically examine how explicit 

motion cues can complement lightweight 

spatial object detection for practical accident 

monitoring under real-time constraints.  

The spatial stream is responsible for 

extracting frame-level semantic and 

contextual information from individual video 

frames. It employs a lightweight, single-

stage object detection network to localize 

traffic participants and accident-related 

regions while maintaining low inference 

latency. This stream primarily captures 

appearance-based cues, such as vehicle 

configurations, spatial proximity, and scene 

layout, which are effective for identifying 

visually salient accident indicators but may 

be insufficient in isolation when visual 

ambiguity or occlusion is present. 

In parallel, the temporal stream explicitly 

models short-term motion dynamics by 

computing dense optical flow over 

consecutive frame windows. Optical flow 

encodes pixel-level displacement vectors that 

reflect motion magnitude and direction, 

enabling the detection of abrupt deceleration, 

irregular trajectories, or impact-like motion 

patterns that are characteristic of collision 

events. This stream focuses on temporal 

irregularities rather than object semantics, 

providing complementary evidence in 

scenarios where appearance-based detection 

alone may be unreliable, such as low-light 

conditions or congested traffic scenes. 

The outputs of the spatial and temporal 

streams are combined using decision-level 

(late) fusion, producing a unified accident 

likelihood score for each candidate event. 

Late fusion is selected for three practical 

reasons: (i) it avoids tight coupling between 

heterogeneous feature representations, (ii) it 

enables independent optimization and 

analysis of each stream, and (iii) it preserves 

computational efficiency suitable for real-

time deployment. The fusion strategy is 

empirically calibrated on a validation set, 

rather than being theoretically imposed, and 

is evaluated against alternative fusion 

schemes in the ablation study. 

Figure 1 presents the overall system 

architecture, illustrating the parallel 

processing of spatial and temporal 

information and the subsequent fusion stage. 

This design allows the framework to balance 

detection accuracy, interpretability, and 

computational efficiency, aligning with the 

goal of evaluating pragmatic spatiotemporal 

integration strategies for real-world traffic 

surveillance applications. 

 
Figure 1. Overview of System architecture 

 
3.2.1 Spatial Stream: YOLOv8s-Based Detector 

The spatial stream employs YOLOv8s, a 

lightweight single-stage object detector, 

selected primarily for its favorable balance 

between detection accuracy and 

computational efficiency rather than for 

architectural novelty. This choice aligns with 

the real-time constraints of traffic 

surveillance systems, where low inference 

latency is essential for timely accident alerts. 

YOLOv8s follows a standard detector 

design consisting of a CSP-based backbone 

for efficient hierarchical feature extraction, a 
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PAN/FPN-style neck for multi-scale feature 

aggregation, and an anchor-free detection 

head that directly regresses object centers 

and bounding box dimensions. This 

configuration enables robust localization of 

traffic participants across varying object 

scales and camera viewpoints while 

maintaining stable performance on resource-

constrained hardware. 

For each input frame, the spatial stream 

outputs bounding boxes and corresponding 

confidence scores that indicate the likelihood 

of accident-related visual patterns. Rather 

than attempting to infer accidents solely 

from object presence, this stream provides 

spatial context such as vehicle proximity, 

abnormal configurations, and scene layout, 

which serve as supporting evidence for 

subsequent temporal analysis. By itself, the 

spatial stream offers strong frame-level 

localization but is intentionally 

complemented by the temporal motion 

stream to address scenarios where 

appearance cues alone are insufficient. 
 

3.2.2 Temporal Stream: Optical-Flow-Based CNN 

The temporal stream is designed to capture 

short-term motion irregularities that are 

difficult to infer from individual frames 

alone. Rather than introducing a novel 

motion representation, this component 

leverages dense optical flow, a well-

established technique for modelling pixel-

level motion between consecutive frames. 

Optical flow fields are computed using 

classical methods such as Farnebäck or TV-

L1, which provide dense displacement 

vectors encoding both motion magnitude and 

direction (Brox et al., 2004). 

The computed optical flow maps are 

stacked over short temporal windows to 

preserve local motion continuity and are 

processed using a lightweight convolutional 

neural network inspired by MobileNetV3. 

This architectural choice prioritizes 

computational efficiency and stable 

inference under real-time constraints, rather 

than architectural complexity (Howard et al., 

2019). The temporal network is trained to 

discriminate between normal traffic motion 

and accident-related motion patterns by 

focusing on abrupt velocity changes, 

irregular object trajectories, and impact-like 

motion discontinuities. 

Importantly, this temporal stream does not 

aim to perform precise event boundary 

detection or long-term temporal reasoning. 

Instead, it provides coarse motion-based 

confidence estimates that reflect the 

likelihood of abnormal motion within short 

frame windows. These motion cues are 

particularly valuable in visually cluttered 

scenes, low-light conditions, or partial 

occlusions, where appearance-based 

detection may be unreliable. In this way, the 

temporal stream complements the spatial 

detector by contributing motion sensitivity 

without incurring significant computational 

overhead. 
 

3.2.3 Decision Fusion and Localization 

Outputs from the spatial and temporal 

streams are integrated at the decision level to 

compute a unified accident likelihood score. 

Let 𝑆yolo denote the confidence score 

produced by the YOLOv8s spatial detector 

and 𝑆motion represent the confidence score 

from the optical-flow-based temporal CNN. 

The final accident score is computed using a 

weighted linear fusion: 
𝑆𝑓𝑖𝑛𝑎𝑙 = 𝛼𝑆𝑦𝑜𝑙𝑜 + (1 − 𝛼)𝑆𝑚𝑜𝑡𝑖𝑜𝑛 , 

where 𝛼 controls the relative contribution 

of spatial appearance and motion cues.  

The fusion weight α was selected through 

validation-based sensitivity analysis over the 

range α ∈ {0.4, 0.5, 0.6, 0.65, 0.7}. 

Performance variations remained within 

±1.2% mAP@50 across this range, 

indicating low sensitivity to moderate weight 

changes. A value of α = 0.65 was chosen as 

it consistently achieved the best precision–

recall balance and lowest false-alarm rate 

under real-time constraints. More complex 

adaptive or learned fusion strategies were 

examined in preliminary trials; however, 

they introduced additional training 

complexity and instability without yielding 

consistent performance gains on the 

heterogeneous, weakly annotated dataset 

used in this study. Accordingly, a fixed 

decision-level fusion was adopted to ensure 

stability, low latency, and compatibility with 
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real-time surveillance pipelines,while 

adaptive fusion is deferred to future work. 

An accident event is declared when 

𝑆finalexceeds a threshold calibrated on the 

validation set. Final spatial localization is 

obtained by retaining YOLOv8s bounding 

boxes that spatially overlap with regions of 

high motion magnitude in the optical flow 

maps, enforcing consistency between 

appearance-based and motion-based 

evidence. 

 
3.3 Training and Evaluation Protocol 

The proposed framework was implemented 

using the PyTorch deep learning framework 

and trained on a workstation equipped with 

an NVIDIA RTX 3090 GPU (24 GB 

VRAM), 32 GB system memory, and an 

Intel-class multi-core CPU. All experiments 

were conducted using single-GPU training to 

ensure reproducibility of the reported results. 

Training was performed with a batch size 

of 16 and an initial learning rate of 0.01, 

optimized using stochastic gradient descent 

(SGD) with momentum. A cosine annealing 

learning rate scheduler was employed to 

stabilize convergence and mitigate 

overfitting across 120 training epochs. The 

YOLOv8s spatial detector was initialized 

with COCO pre-trained weights and fine-

tuned on the curated multi-source accident 

dataset. The temporal stream was trained on 

short sequences of dense optical-flow frames 

temporally aligned with annotated pre-

impact, impact, and post-impact segments, 

enabling the model to learn motion patterns 

characteristic of accident events. 

Model performance was evaluated using a 

combination of spatial, classification, and 

temporal metrics. Spatial localization 

accuracy was assessed using mean Average 

Precision at IoU thresholds of 0.5 

(mAP@50) and 0.5–0.95 (mAP@50–95). 

Classification robustness was measured 

using precision, recall, and F1-score 

computed at the event level. To better reflect 

the temporal nature of accident detection, 

additional evaluation considered detection 

latency and false alarm rate over extended 

non-accident video sequences. Inference 

speed was measured as the average per-

frame processing time (ms/frame) using 

batch size one and full-resolution inputs, 

reflecting realistic real-time deployment 

conditions. 

 

4. Findings 

To comprehensively evaluate the proposed 

spatiotemporal accident detection 

framework, both frame-level spatial metrics 

and event-level temporal metrics were 

employed. Frame-level evaluation follows 

standard object detection practice and is used 

to assess localization accuracy and per-frame 

classification performance. However, since 

traffic accidents are inherently temporal and 

event-driven, additional event-oriented 

metrics were incorporated to assess detection 

reliability and timeliness in realistic 

surveillance settings. 

Spatial detection performance was 

evaluated using mean Average Precision at 

0.5 IoU (mAP@50), along with precision, 

recall, and F1-score, computed on a per-

frame basis. These metrics quantify the 

ability of the model to localize accident-

related regions and distinguish accident 

frames from normal traffic scenes. 

To capture temporal behaviour, three 

event-level metrics were introduced. First, 

Event Detection Rate (EDR) measures 

whether an accident event was successfully 

detected at least once within the annotated 

impact interval. An event is considered 

correctly detected if the unified accident 

score exceeds the decision threshold for any 

frame within the impact segment. Second, 

Detection Delay measures the elapsed time 

between the annotated impact onset and the 

first positive detection, reflecting the 

system’s responsiveness. Third, False Alarm 

Rate (FAR) is defined as the number of 

incorrect accident detections per minute 

during non-accident video segments, 

assessing temporal reliability over extended 

observation periods. 

Inference time was measured as the 

average per-frame latency on an NVIDIA 

RTX 3090 GPU using TensorRT FP16 

optimization with batch size one. Together, 

these metrics provide a balanced assessment 

of spatial accuracy, temporal responsiveness, 
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and real-time feasibility, aligning the 

evaluation protocol with the practical 

requirements of video-based accident 

detection. 

Table 1. represents the quantitative 

comparison of accident detection 

performance across baseline models and the 

proposed spatiotemporal framework. Results 

include frame-level spatial metrics 

(mAP@50, precision, recall, F1-score), 

event-level metrics (Event Detection Rate, 

average Detection Delay, False Alarm Rate), 

and average inference latency per frame. 

These metrics evaluate temporal reliability 

and timeliness, while inference time reflects 

real-time deployment feasibility. 
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YOLOv5s 69.4 71.0 66.2 68.5 78.6 2.87 0.18 21 

DETR 87.1 80.3 77.2 78.7 84.1 2.43 0.14 42 

YOLOv9-tiny 92.3 81.4 74.0 77.5 86.7 2.12 0.16 18 

Proposed 

(Spatial + 

Temporal) 

96.0 83.2 79.1 81.1 92.8 1.47 0.08 14 

Event-level metrics demonstrate that 

incorporating explicit motion cues 

substantially improves detection timeliness 

and reduces false alarms compared to 

spatial-only detectors, while preserving real-

time inference capability. 

The proposed spatiotemporal framework 

attains the highest spatial detection 

performance among the evaluated 

approaches, achieving a mAP@50 of 96% 

and an F1-score of 81%, while maintaining 

an average inference latency of 14 ms per 

frame. This computational profile satisfies 

real-time processing requirements for typical 

25–30 fps traffic surveillance streams and 

reflects a practical balance between detection 

accuracy and efficiency. 

Compared with YOLOv9-tiny—the 

strongest single-stage baseline in terms of 

speed—the proposed method improves 

mAP@50 by approximately 4 percentage 

points and recall by about 5 percentage 

points. These gains indicate that 

incorporating short-term motion information 

provides complementary cues beyond static 

frame appearance, particularly in scenarios 

involving partial occlusion, abrupt 

deceleration, or visually ambiguous vehicle 

interactions. Importantly, the improvement 

in detection accuracy is achieved without a 

proportional increase in inference latency, 

owing to the lightweight design of the 

optical-flow-based temporal branch and the 

use of late decision-level fusion. 

Figure 2 summarizes the comparative 

performance trends across all evaluated 

models. While spatial detection metrics 

highlight the accuracy–efficiency trade-offs 

among different architectures, they do not 

fully capture the event-driven nature of 

accident detection. For this reason, event-

level temporal metrics, including detection 

delay and false alarm rate, are reported and 

discussed separately to provide a more 

comprehensive assessment of system 

behavior in continuous video streams. 

 

 
Figure 2. Comparison of performance metrics 

 

 

Figure 2 complements the quantitative 

results in Table 1 by visually illustrating the 

relative trade-offs between detection 

accuracy and computational efficiency.  
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An ablation study was conducted to 

quantify the individual contributions of the 

spatial and temporal components and to 

analyze the impact of the fusion strategy. 

Table 2 summarizes the results under 

controlled settings. The ablation results 

indicate that weighted decision-level fusion 

provides a more effective balance between 

sensitivity and false-alarm suppression than 

hard fusion strategies, while preserving low 

inference latency suitable for real-time 

deployment. 
Table 2. Quantitative Performance Comparison 

Model Variant mAP@50 (%) Recall (%) Precision (%) False Alarm Rate 

Spatial stream only (YOLOv8s) 90.1 72.0 78.3 0.19 

Temporal stream only (Optical 

Flow CNN) 
81.4 69.2 71.8 0.22 

AND fusion (hard decision) 93.2 68.5 84.1 0.07 

OR fusion (hard decision) 95.4 81.3 74.2 0.21 

Proposed weighted fusion (α = 

0.65) 
96.0 79.1 83.0 0.08 

Removing the optical-flow-based temporal 

stream and relying solely on the YOLOv8s 

spatial detector led to a consistent 

performance degradation, with mAP@50 

decreasing by approximately 6% and recall 

by 7%. This confirms that short-term motion 

cues contribute complementary information 

that helps disambiguate true accident events 

from visually similar non-accident traffic 

patterns. 

Alternative fusion strategies were also 

examined. Logical AND fusion increased 

false negatives by suppressing detections 

when either stream produced low 

confidence, whereas OR fusion resulted in 

elevated false positive rates due to over-

activation. In contrast, weighted fusion 

achieved a more stable precision–recall 

trade-off, demonstrating that soft integration 

of spatial and temporal evidence is more 

robust than hard-decision rules under 

varying traffic conditions. 

Qualitative inspection further shows that 

the proposed framework detects diverse 

accident scenarios across urban intersections 

and highway environments. The temporal 

stream was particularly effective in reducing 

false alarms in near-miss cases and under 

degraded visual conditions such as low 

illumination or adverse weather. 

Nonetheless, limitations persist for low-

speed collisions in dense traffic, where 

subtle motion changes and frequent 

occlusions reduce discriminative cues. In 

addition, the current framework performs 

binary accident detection and does not 

estimate incident severity or type. 

Addressing these limitations through finer 

temporal annotations, adaptive fusion 

mechanisms, and event-level evaluation 

remains an important direction for future 

work. 

 

5. Conclusion 

This work presented a real-time 

spatiotemporal framework for road accident 

detection that integrates a lightweight 

YOLOv8s-based spatial detector with an 

optical-flow-based temporal analysis 

module. By jointly leveraging spatial 

appearance cues and short-term motion 

irregularities, the proposed approach 

overcomes key limitations of frame-level 

accident detection methods that ignore 

temporal dynamics. A heterogeneous 

evaluation corpus was assembled from 

multiple publicly available traffic image and 

video sources to reflect realistic surveillance 

conditions. Experimental results show that 

the proposed fusion strategy improves 

detection accuracy and recall over spatial-

only baselines while maintaining low 

inference latency suitable for real-time 

deployment. Comparative evaluation against 

representative two-stage, single-stage, and 

transformer-based detectors further confirms 

the effectiveness of incorporating explicit 

motion information. However, performance 

degrades in low-speed or highly congested 

scenarios, and the current framework relies 

on fixed-weight decision fusion and frame-

level evaluation metrics. Future work will 

focus on adaptive fusion strategies, richer 

temporal modelling, and event-level 

evaluation, as well as extensions toward 
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accident severity estimation and validation 

on larger fully annotated video benchmarks. 
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