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ABSTRACT 

Automatic accident detection from surveillance videos is an important task for intelligent transportation 

and public safety, yet it remains underdeveloped compared to violence and anomaly detection. While 

existing methods often report high accuracy, these results are frequently based on contaminated datasets 

containing duplicates, overlapping scenes, or annotation artifacts, which inflate performance and limit 

real-world applicability. To address this gap, this paper introduces a curated benchmark dataset of 513 

videos from multiple sources, which are segmented into 4 s clips, resulting in 1,122 clips (561 per class). 

Using this dataset, we evaluate a spectrum of approaches ranging from handcrafted Violent Flows (ViF) + 

Support Vector Machine (SVM) pipelines to Convolutional Neural Network–Recurrent Neural Network 

(CNN–RNN) hybrids and modern 3D convolutional networks. The conducted experiments confirm that 

traditional methods collapse under stricter evaluation, whereas lightweight architectures such as X3D 

achieve the best balance between accuracy and efficiency. The reconfigured X3D-S variant achieved 

84.48% accuracy, establishing a strong baseline for accident detection under realistic conditions, while 

offering both a cleaner benchmark and a practical design for future deployment. The Surveillance Curated 

Accident Dataset (SCAD) and full implementation code are publicly available and can be cited through 

this paper. 

Keywords-accident detection surveillance videos; anomaly detection; X3D; benchmark dataset; deep learning; 

computer vision; artificial intelligence  

I. INTRODUCTION  

Automatic accident detection from surveillance videos has 
emerged as a critical research domain due to its direct 
implications for public safety, intelligent transportation 
systems, and smart city development. Prior work on accident 
reporting systems, including a field survey in Dar es Salaam, 
suggests that improved reporting can reduce impacts by 
minimizing response time and supporting the mapping of 
accident-prone locations [1]. Early warning systems capable of 
identifying accidents in real time can significantly reduce 
emergency response times and improve situational awareness 
for relevant authorities. Despite rapid advancements in 

computer vision and deep learning, accident detection remains 
an open challenge, constrained by issues of data reliability, 
inflated performance claims, and limited computing capacity 
on edge devices for real-world feasibility. 

Most existing studies report very high accuracy when 
accident detection is treated as an image-based classification 
problem [2]. In such approaches, Convolutional Neural 
Network (CNN) feature extractors combined with simple 
classifier heads frequently report accuracy above 95% on 
curated datasets [3]. Video-based methodologies, by contrast, 
generally report lower performance; for example, a recent You 
Only Look Once version 8 (YOLOv8) plus ByteTrack pipeline 
reported 94.8% under its evaluation setup [4]. A commonly 
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used video pipeline consists of vehicle detection using YOLO-
based detectors [5], object tracking with correlation or 
association-based trackers such as MOSSE [6] or ByteTrack 
[7], crash estimation using track-compensated frame 
interpolation techniques [8, 9], followed by motion feature 
extraction with Violent Flows (ViF) descriptor [10] and final 
classification using a Support Vector Machine (SVM). 

A. Accident Detection in Surveillance Systems 

Accident detection in surveillance systems has evolved 
from modular pipelines to more advanced deep feature 
extraction and end-to-end learning. Most early studies used 
YOLO [5] for vehicle detection, followed by a tracker such as 
MOSSE [6] or ByteTrack [7] to track each vehicle. The result 
was then classified using ViF-style motion features and an 
SVM, as adopted in later real-time violence detection work 
[11] to confirm whether accidents have occurred. These 
pipelines initially achieved around 80% accuracy in 2018 [12], 
and refinements such as adding a Track Compensated Frame 
Interpolation (TCFI) increased performance to 92.88% in 2021 
[8] and 94.8% in 2025 [4]. However, in our re-evaluation under 
more realistic conditions that included non-accident footage 
and full video streams, overall accuracy dropped below 60%, 
primarily due to many false positives that were not accounted 
for in earlier evaluations. 

Likewise, frame-level approaches also became extremely 
popular for accident detection. Instead of vehicle detection, 
tracking, and algorithm-based crash estimation, frames of 
videos immediately undergo feature extraction with ResNet, 
Vision Transformers (ViT), and Swin Transformers before 
being sent to a linear or temporal head for classification. 
Similarly, they may also be directly classified by newer YOLO 
versions. These methods reported accuracies that often exceed 
95% and have reached 99% as well [13]. Much of this, 
however, was influenced by dataset design. For instance, the 
widely used Kaggle CCTV accident collection [14] includes 
many near-duplicate or overlapping clips; in our manual 
inspection, similar footage appeared across intended splits, 
enabling unusually high accuracy even with lightweight 
models. 

Moreover, the CADP dataset [15], which is widely cited, 
was difficult to access and contained only positive accident 
clips. Researchers attempted to balance it with negatives from 
datasets such as UA-DETRAC [16], but this introduced shared 
backgrounds across classes, creating misleading cues. So-TAD 
[17] also presented complications, as many clips contained 
nearly identical backgrounds before and after collisions. In our 
own experiments, combining CADP and So-TAD produced 
perfect (100%) video-level accuracy, though this was clearly 
the result of overlapping scenes rather than genuine learning. 
TU-DAT [18], which contains non-accident clips that end 
seconds before its accident clips, highlighted the same 
weakness, leading models to misclassify based on context 
rather than accident or event onset. 

These cases show that progress in accident detection has 
often reflected dataset quirks rather than methodological 
breakthroughs. While deeper architectures and stronger feature 
extractors appeared to yield rapid gains, their generalization 

collapsed when tested under stricter or more balanced 
conditions. The lesson is that without clean and standardized 
benchmarks, advances risk being overstated, leaving accident 
detection far from ready for reliable deployment. 

B. Violence and Fight Detection as a Precursor 

Accident detection shares many of its conceptual roots with 
research in violence and fight detection. The Hockey Fight 
dataset, which provided short clips of players engaging in 
fights on the ice, was one of the earliest and most widely used 
datasets in this domain. Early approaches such as the ViF 
descriptor with optical flow and SVM classifiers achieved an 
accuracy of 81.3% in 2016 [11], and the same method later 
became the first baseline for accident detection as well, where 
it is still occasionally used for comparison today. However, the 
dataset became saturated after a few years as CNN-based 
feature extractors quickly pushed performance above 98% 
consistently [19]. 

Therefore, more complex datasets such as ViF (Crowd 
Violence) [10] and the RLVS [20] dataset became popular. 
These benchmarks are more challenging because they moved 
from controlled fight scenes to crowd-level interactions. 
However, they too became saturated in the early 2020s [19], 
with deep convolutional and hybrid-based models coming into 
action. 

Hence, the RWF-2000 [21] and SCFD [22] datasets 
remained important benchmarks because they better reflect real 
surveillance conditions. RWF-2000 with an X3D-S [23] fine-
tuned on the dataset achieved 94% in 2022 [24], whereas the 
CUE-NET architecture built on the VideoMAE feature 
extraction backbone [25] reached 94% as well. SCFD, in 
comparison, achieved around 92% in 2021 using a 2D CNN 
with MSM and T-SE modules [26]. Later works in 2025, 
including a new prototype layer on top of the fine-tuned X3D-S 
backbone [27] and a system targeting temporal action 
localization for real-time fistfight detection [28], reported 
further improvements but have not yet been independently 
verified. Improvements largely came from implementing larger 
and computationally heavier networks, but recent progress has 
also focused in parallel on lighter 3D CNNs aiming to achieve 
state-of-the-art performance with far fewer FLOPs, making 
real-time deployment a more realistic possibility. 

C. Anomaly Detection in Surveillance Videos 

Anomaly detection in videos has also been a central 
research area for surveillance, with accident detection often 
considered a subset of this broader task. One of the most 
influential datasets is UCF-Crime [29], which introduced 14 
anomaly categories, including accidents, robbery, and fighting. 
Early methods of weakly supervised anomaly detection 
struggled on this dataset, with steady progress being made 
throughout the years. In 2025, the combination of X3D [23] 
with the introduction of the Spatio-Temporal Efficient 
Anomaly Detection (STEAD) [30], a CNN–Transformer 
hybrid, set a strong baseline on UCF-Crime with 91.34% Area 
Under the Curve (AUC). The widely used Multi-Timescale 
Feature Learning (MTFL) [31] method reported 89.78% AUC. 
Moreover, recent progress has also been made with a Mixture-
of-Experts method guided by Gaussian Splatting (GS-MoE) 
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[32], which assigns specialized models to different anomaly 
types and combines their outputs through a gating mechanism. 
This approach achieved 91.58% AUC, edging past earlier state-
of-the-art results. 

In addition to binary formulations, some studies have 
explored multi-class anomaly classification, such as a study 
that modeled six anomaly classes from UCF-Crime and 
reported overall performance above 90% [33]. 

Accident detection can also be viewed as a subset of 
anomaly detection in surveillance videos. UCF-Crime 
introduced multiple real-world anomaly categories, including 
road accidents, and remains a widely used benchmark for 
weakly supervised anomaly detection. However, models 
pretrained on generic human-action datasets may not capture 
accident dynamics well, leading to weaker performance on 
accident-related segments compared to headline metrics 
reported across the full benchmark.  

D. Dataset Limitations and Contamination Issues 

Despite massive progress in violence and anomaly 
detection, accident detection and datasets continue to suffer 
from flaws that undermine their reliability. Issues such as 
duplicated frames, overlapping scenes across training and 
testing, and over-reliance on background context instead of 
accident dynamics continue to distort results. In some cases, 
annotation artifacts such as overlays or red circles bias the 
learning process, whereas in others, like CADP or So-TAD, the 
lack of balanced non-accident data produces misleading results. 

Beyond contamination, access and scale remain obstacles. 
CADP is difficult to obtain, TU-DAT is too small to yield 
statistically meaningful results, and many custom-built datasets 
are never released publicly. Hence, a clear gap exists, as 
current datasets fail to provide a clean, standardized, and 
reproducible foundation for accident detection research. This 
makes performance claims unreliable and impractical for real-
world use. Closing this gap is a necessity if the field is to move 
beyond inflated numbers and toward solutions that are both 
practical and generalizable. 

The main contributions of this work are as follows: 

1. A critical analysis of existing accident detection datasets 

and benchmarks, highlighting problems of 

contamination, saturation, and lack of reproducibility. 

2. The introduction of a curated dataset containing 513 

clean, segmented, and annotated accident and non-

accident videos to support fair and consistent evaluation. 

3. A comprehensive study comparing handcrafted features, 

CNNs, transformer-based models, and 3D convolutional 

approaches, showcasing the limits of older techniques 

and identifying the models that currently achieve the 

strongest results. 

4. Evidence that a lightweight X3D-S backbone offers the 

best trade-off between accuracy and efficiency, making 

real-time accident detection practical even on low-

power hardware. 

II. METHODOLOGY 

A. Dataset Construction 

The curated dataset for accident detection, the Surveillance 
Curated Accident Dataset (SCAD), was constructed by 
aggregating videos from four public sources: 1,416 from 
CADP [15], 282 from So-TAD [17], 60 from TU-DAT [18], 
and 150 from UCF-Crime [29]. This produced an initial pool of 
1,908 videos. To ensure a clean and non-contaminated 
benchmark, we applied a multi-stage curation process to 
remove exact duplicates, near-duplicates, repeated scenes, and 
clips containing annotation artifacts such as text overlays, red 
circles, and animated highlights. After this filtering, 513 unique 
videos remained.  

Each retained video was then segmented into shorter 4 s 
clips, inspired by the fixed-length clip design of RWF-2000 
[21], while also addressing class imbalance to support effective 
supervised learning. Because splitting is performed by 
scene/group ID, all overlapping 4 s clips extracted with a 1 s 
stride from the same source video/scene are kept within the 
same split, preventing stride-induced leakage. Clips were 
extracted with a 1 s stride to capture accident onset. The final 
benchmark contains 1,122 clips, balanced at 561 accident and 
561 non-accident clips. As an additional leakage check, we 
computed perceptual hashes on sampled frames and verified 
that no near-duplicate matches exceeded the similarity 
threshold across train and test splits. An illustration of the 
dataset construction and labeling pipeline is shown in Figure 1. 

 

 

Fig. 1.  Examples of video segmentation and labeling process. 

All supervised training and evaluation are performed using 
clip-level labels (normal vs anomalous). Train/test partitioning 
is performed at the source video/scene level so that all clips 
derived from the same scene remain within a single split. 
Evaluation used a scene-disjoint split defined by group ID, 
yielding approximately 890 training clips and 232 testing clips, 
with zero cross-split scene overlap. In this work, a scene is 
operationalized as a unique camera viewpoint and location 
context within a source video (same camera angle/background 
layout), and all clips extracted from that scene are assigned the 
same group ID. This corresponds to approximately 890 training 
clips (445 per class) and 232 testing clips (116 per class). 
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SCAD and the full preprocessing, training, and evaluation 
code are released at [34], including per-clip metadata with 
scene/group IDs and the official train/test split file by group ID 
to enable reproducible zero-overlap evaluation; the dataset 
should be cited through this paper. 

B. Proposed Methodology 

We employed X3D [23], a lightweight 3D convolutional 
network introduced by Facebook AI for efficient 
spatiotemporal modeling. X3D begins as a compact base 
network and gradually expands its depth, width, temporal span, 
and spatial resolution during the feature extraction process. 
This design makes the model ideal for capturing spatiotemporal 
patterns while keeping the computational cost much lower than 
older 3D CNNs like I3D [35] or SlowFast [36]. 

X3D was subsequently fine-tuned in 2022 for a violence 
detection task [24], which effectively created the state-of-the-
art method for RWF-2000 at 94%, before being surpassed by a 
similar model with a prototype head expansion in 2025 [27]. 
Their implementations generally used higher spatial resolutions 
to optimize performance on large-scale datasets. 

In this study, the X3D-S variant adopts the architecture 
shown in Table I. The original model, which is initialized with 
weights pretrained on Kinetics-400, was then fine-tuned on the 
new accident dataset. Consequently, the input resolution in the 
experiment was reduced to 182 × 182, while 15 frames were 
extracted instead of the usual 13. Therefore, a reliable yet high-
performance system is achieved with low computational load, 
making the approach suitable for practical accident detection.  

TABLE I.  PROPOSED X3D-S VARIANT ARCHITECTURE 

Stage Layer  × Output size (T × H × W) 

Input Data layer — 15 × 182 × 182 

Conv1 
1 × 32,  

3 × 1, 24 
1 15 × 91 × 91 

Res2 

1 × 12, 54  

3 × 32, 54  

1 × 12, 24 

3 15 × 46 × 46 

Res3 

1 × 12, 108 

3 × 32, 108 

1 × 12, 48 

5 15 × 23 × 23 

Res4 

1 × 12, 216  

3 × 32, 216  

1 × 12, 96 

11 15 × 12 × 12 

Res5 

1 × 12, 432  

3 × 32, 432  

1 × 12, 192 

7 15 × 6 × 6 

Conv5 1 × 12, 432 1 15 × 6 × 6 

Pool5 15 × 6 × 6 — 1 × 1 × 1 

FC1 1 × 12, 2,048 1 1 × 1 × 1 

FC2 1 × 12, #classes 1 1 × 1 × 1 

 

III. RESULTS 

Table II presents the comparative performance of 
representative accident detection approaches evaluated on 
SCAD, a balanced benchmark of 1,122 manually labeled 4 
seconds surveillance clips (561 accident and 561 non-accident) 
curated from CADP, So-TAD, TU-DAT, and UCF-Crime, as 
described in Section II.A. Additional experiments on the 
original benchmarks exhibited inflated performance consistent 

with the contamination effects discussed in Section I.D; 
therefore, SCAD is used as the main evaluation benchmark. 

TABLE II.  MODEL PERFORMANCE 

Method Accuracy GFLOPs Notes 

ViT + classifier head 50.0 ~140 Ineffective 

YOLO & filter & 

ViF + SVM [8] 
60.2 ~132 Outdated 

ResNet-50 + GRU 78.3 ~30 Unstable 

ResNet-50 + 2 

Transformer heads 
79.8 ~35 Still unstable 

X3D-L + STEAD 

(30 frames) [30] 
80.6 ~36 STEAD baseline 

X3D-L + STEAD 

(60 frames) [30] 
81.7 ~72 High GFLOPs 

X3D-S (30 frames, 

128 × 128) 
81.9 3.63 X3D-S baseline 

X3D-S (15 frames, 

182 × 182) 
84.48 3.36 Strong baseline 

 
The evaluated methods span classical detection-and-motion 

pipelines, 2D CNN feature extractors combined with temporal 
modeling, and end-to-end 3D convolutional networks for 
spatiotemporal learning. All results are obtained using 
implementations reproduced from the authors publicly released 
repositories where available or re-implemented to closely 
follow the original architectures and training protocols. 

In addition to overall accuracy, we report the confusion 
matrix and class-wise precision, recall, and F1-score to reflect 
false-alarm and miss behavior under balanced testing. On the 
SCAD test set (232 clips: 116 normal, 116 accident), the best-
performing X3D-S model achieves 84.48% accuracy with 
confusion matrix (TN = 97, FP = 19, FN = 17, TP = 99), as 
shown in Figure 2. The corresponding scores are normal: 
precision = 0.85, recall = 0.84, F1-score = 0.84, and accident: 
precision = 0.84, recall = 0.85, F1-score = 0.85. 

 

 

Fig. 2.  Confusion matrix for X3D-S model on the SCAD test set. 

These results show that classical detection-and-motion 
pipelines degrade sharply under the scene-disjoint and 
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contamination-controlled SCAD evaluation, whereas CNN-
based backbones with temporal heads peak around 78–80% 
accuracy. Heavier 3D CNNs such as X3D-L improve 
performance but incur substantially higher computational costs. 
By contrast, the proposed X3D-S configuration achieves the 
strongest balance between accuracy and efficiency, establishing 
a practical baseline for surveillance accident detection. 

IV. DISCUSSION 

Accident detection in surveillance videos is still behind 
related fields such as violence or anomaly detection. The lack 
of a large, standardized, and clean dataset remains the main 
issue, due to existing collections containing duplicates or 
overlapping scenes that inflate reported results. When past 
methodologies are tested under cleaner conditions, they 
collapse, whereas CNN-based methods struggle to generalize 
beyond 80% accuracy. 

In response to benchmarking concerns, we also trained and 
evaluated X3D-S using the original datasets and commonly 
used protocols reported in prior work. However, performance 
on these benchmarks was strongly influenced by the same 
issues identified in Section I.D, including scene overlap, near-
duplicate clips, and background leakage, which led to inflated 
results that did not reflect true accident understanding. For this 
reason, we report SCAD as the primary benchmark, as it 
enforces scene-disjoint splits and contamination-controlled 
evaluation, enabling more reliable comparisons for future 
studies. 

On the other hand, newer architectures that incorporate 
motion features alongside visual features such as X3D have 
consistently topped benchmarks including RWF-2000, SCFD, 
and UCF-Crime. Our findings confirm that X3D also continues 
to remain the strongest available option under real-time 
resource constraints. 

V. FUTURE WORK 

The most immediate step forward is the development of a 
larger and cleaner dataset, ideally containing at least 1,000 
accident and 1,000 non-accident clips per class, to improve 
generalization and reliability. Beyond dataset scale, specialized 
deployment-oriented testing is required: for example, placing 
cameras in fixed locations and collecting accident footage over 
time until sufficient real-world data are obtained, which would 
provide a deployable model. 

On the modeling side, exploring refinements to X3D 
features can potentially improve performance further while 
maintaining low GFLOPs. X3D already leads results on RWF-
2000, SCFD, UCF-Crime, and now our curated dataset. Further 
refinements tailored to accident-specific dynamics and real-
time inference could push accuracy slightly higher without 
sacrificing efficiency. These steps would help move accident 
detection from experimental studies toward practical 
deployment. 

VI. CONCLUSION 

This study addressed the persistent gap between reported 
benchmark performance and real-world feasibility in accident 
detection. We demonstrated that existing datasets often suffer 

from contamination and duplication, leading to inflated results 
that do not generalize. By curating a dataset of 513 unique 
accident and non-accident clips, segmented and annotated at 
the scene level, we provide a cleaner and more reliable testbed 
for the community. 

Through a comparative evaluation of classical pipelines, 
Convolutional Neural Network (CNN)–based backbones, and 
modern 3D convolutional approaches, we showed that 
traditional methods collapse under realistic conditions, whereas 
lightweight 3D CNNs achieve the strongest balance between 
accuracy and efficiency. The reconfigured X3D-S variant, 
operating with reduced spatial resolution and shorter clip 
lengths, achieved competitive performance at a fraction of the 
computational cost. 

Together, these contributions deliver both a reproducible 
dataset and a practical modeling baseline. They help shift the 
field from inflated benchmark claims toward methods that are 
reproducible, efficient, and closer to real-world deployment. 
Future progress will depend on building larger datasets, 
exploring multimodal signals, and refining architectures like 
X3D for accident-specific dynamics.  
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