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ABSTRACT

Timely detection of traffic anomalies is critical for ensuring road safety and enhancing traffic efficiency.
While existing convolutional neural network-based unimodal and multimodal methods have shown promise,
they face limitations in complex scene adaptability and deep semantic understanding. To address this, this
study proposes an optimized vision-language model (VLM) framework for traffic anomaly detection,
integrating static image semantic understanding with dynamic video multi-frame reasoning. The framework
comprises two stages: enhancing recognition accuracy using image data and improving complex scene
understanding with video data. The image dataset emphasizes concise, targeted information, while the video
dataset incorporates cross-frame actions, trajectory relationships, and temporal semantics for
comprehensive and accurate analysis. In the first stage, Supervised Fine-Tuning (SFT), Direct Preference
Optimization (DPO) training were employed, but the model struggled with complex events like “accidents”
and “abnormal parking”. To address the lack of temporal context in static images, the second stage enhances
dynamic scene reasoning through multi-frame temporal recognition. A unified evaluation system assesses
model performance across stages. Training utilized traffic anomaly image data from Shanghai’s highways
and urban expressways, covering ten typical events, with semantic datasets focusing on event type, objects,
location, and impact. Experimental results show the optimized model improved image understanding
accuracy from 0.497 to 0.789, with redundancy reduced by 98.6% (from 0.519 to 0.007). In video reasoning
tasks, accuracy for “accidents” and “abnormal parking” reached 0.59, a 64.8% improvement over static
image scenarios. This study offers an efficient, viable approach for intelligent traffic systems.

Keywords: Traffic Anomaly Detection, Vision-Language Models, Multimodal Data, Fine-Tuning
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INTRODUCTION

With the continuous development and increasing complexity of urban transportation systems, the
rapid identification of anomalous events is critical for ensuring road safety, alleviating congestion, and
improving traffic management efficiency. The widespread deployment of surveillance cameras across
various levels of urban road networks has generated vast amounts of video data, enabling automated
anomaly detection. Advanced image analysis and recognition techniques—particularly those based on
computer vision—can extract spatiotemporal features from video streams to detect anomalies such as
accidents, traffic jams, and violations. These approaches reduce the need for manual intervention and
enhance the efficiency of Intelligent Transportation Systems (ITS). In recent years, computer vision-based
traffic event analysis methods have made significant progress, particularly with the evolution from
traditional deep learning models to large-scale multimodal models. This shift has greatly improved semantic
understanding and reasoning in traffic scenes. However, real-world traffic environments present substantial
challenges due to their high dynamism, semantic complexity, and heterogeneous data sources. Existing
models still face notable limitations in terms of generalization, real-time performance, and deployment
efficiency.

Large Vision-Language Models (VLMs) have demonstrated strong capabilities in image
recognition, text generation, and multimodal alignment, offering new opportunities for anomaly detection
in traffic scenarios. Nevertheless, three key bottlenecks remain in real-world applications: (1) a semantic
gap between training data and task-specific demands, often leading to hallucinations and reasoning errors;
(2) the requirement for robust temporal modeling and key-frame recognition in video reasoning, where
existing models struggle to capture complex causal chains; and (3) the computational burden and latency
of large models, which hinder real-time deployment in urban transportation systems.

To address the aforementioned challenges, this study proposes a multi-stage lightweight adaptation
framework based on the Qwen2.5-VL-7B model. By integrating Supervised Fine-Tuning (SFT), Direct
Preference Optimization (DPO)(/), and Low-Rank Adaptation (LoRA)(2), the framework enhances the
model’s semantic understanding, anomaly detection accuracy, and deployment efficiency in traffic
scenarios. This approach aims to provide effective support for real-time event perception in urban traffic
management. The main contributions of this study are as follows:

1. Construction of a Localized Traffic Semantic Dataset. A dataset is constructed around ten types
of traffic events, with a focus on key elements such as event types, objects, and impacts. The design is
approached from both image-text and video-text perspectives. The image dataset emphasizes simplicity and
focus to improve event recognition accuracy, while the video dataset prioritizes comprehensiveness and
accuracy to minimize the introduction of erroneous information.

2. Proposal of a Multimodal Fusion Framework. This framework combines image, video, and text
data to comprehensively model event types, key objects, locations, and impacts in traffic scenarios. Through
this fusion approach, the framework reduces computational overhead while enhancing semantic parsing
capabilities in real-world deployments.

3. Development of a Two-Stage Optimization Framework Based on LoRA. A two-stage optimization
framework is proposed, which combines SFT+DPO and LoRA with temporal multi-frame recognition.
Different optimization strategies are applied to the image and video stages: image understanding enhances
scene recognition accuracy, while video reasoning improves the model’s semantic understanding ability,
thus enabling precise identification of key elements in typical events.

RELATED WORKS
1. Traffic Anomaly Detection

Traffic anomaly detection has long been a key research area within ITS. Early approaches primarily
relied on rule-based image processing techniques, such as optical flow estimation (3, 4) and background
modeling (5, 6). However, these methods exhibit limited adaptability and high false detection rates in
complex and dynamic traffic scenarios.

With the rise of deep learning, convolutional neural networks (CNNs) have become standard for
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image feature extraction and temporal modeling. For example, [jjina et al. (7) proposed an end-to-end
framework using Mask R-CNN for object detection and centroid displacement for tracking and accident
judgment, showing robustness in real-world traffic surveillance. Similarly, (8) introduced a hybrid model
combining CNN, LSTM, and GNN to predict traffic accident risk from vehicle trajectories, leveraging CNN
for spatial features, LSTM for temporal dynamics, and GNN for road network representation. While
effective in detecting anomalies based on motion features like speed and trajectory, these approaches lack
deep semantic understanding and contextual descriptions, limiting high-level reasoning.

To overcome the limitations of unimodal approaches, some studies have explored multimodal
fusion strategies by incorporating auxiliary information such as textual descriptions, traffic flow data, or
metadata to enhance traffic event classification (9). However, due to the complexity of data annotation and
the ambiguity of task objectives, most existing fusion methods focus on shallow-level feature concatenation,
such as early fusion of images with speed sensor data (/0), or loosely aligned image-text models. While
these approaches improve robustness to some extent, they fall short in enabling deep cross-modal semantic
reasoning.

2. Applications of Multimodal Foundation Models

In recent years, the emergence of Vision Foundation Models has provided more powerful solutions
for semantic understanding and anomaly recognition in traffic scenarios. Unlike traditional approaches,
these models are pre-trained on large-scale, heterogeneous datasets using self-supervised or weakly
supervised methods, enabling stronger generalization in low-label or unseen environments. For instance,
CLIP (/1), trained on massive image-text pairs from the web, pioneered the contrastive learning paradigm
and significantly improved zero-shot classification and semantic alignment capabilities. Models such as
BLIP and BLIP-2 (12, 13), as well as Flamingo (/4), have advanced joint image-text modeling and natural
language understanding, substantially enhancing performance in visual question answering (VQA) and
image captioning tasks.

Recent applications of large models in transportation focus on traffic management, safety, and
autonomous driving, providing new paradigms for ITS. In traffic management, PromptGAT (/5) uses large
models and domain knowledge to optimize traffic signal control, bridging the gap between simulation and
real-world deployment. TrafficGPT (/6) supports traffic decision-making through natural language
interaction, though its reliance on prompt design limits automation. ST-LLM (/7) enhances traffic
forecasting using spatiotemporal embeddings and attention mechanisms, but is computationally expensive
and dependent on high-quality data. In traffic safety, TrafficSafetyGPT (/8) fine-tuned LLaMA using the
TrafficSafety-2K dataset for strong performance in safety-related question answering. AccidentGPT (/9),
a multimodal model built on V2X architecture, integrates comprehensive scene understanding for proactive
accident prediction.

Despite their strong cross-modal perception capabilities, these models still face three major
limitations: the lack of domain-specific semantic annotations, insufficient ability to model complex
temporal events and causal relationships, and high deployment costs with limited real-time performance,
which constrains their applicability in ITS scenarios.

3. Optimization Methods for Fine-Tuning Pre-Trained Models

In the field of large model fine-tuning, with the widespread application of pre-trained models,
various optimization methods have been proposed to enhance model performance in specific task domains.
Current fine-tuning methods primarily adjust the parameters of pre-trained models to help them better adapt
to the requirements of different tasks. SFT is the most commonly used supervised learning fine-tuning
method, which utilizes labeled data (such as image labels or text labels) to train the model, aligning its
output as closely as possible with the true labels. However, this method heavily relies on large amounts of
labeled data, and the model's performance is significantly influenced by the quality of the dataset. DPO(/)
is a supervised learning optimization method that directly uses human preference data to optimize the
behavior of language models, without relying on an explicit reward model. Compared to other methods
such as PPO(20) and Reinforcement Learning from RLAIF(217), DPO is simpler to train, converges more

4
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stably, and consumes fewer resources, making it particularly suitable for resource-constrained environments.
However, DPO still depends on large amounts of preference data and faces challenges in the selection of
preference samples when dealing with diverse and complex tasks.

Although these methods have shown excellent performance in generative tasks, they generally have
limitations in the complex task of traffic anomaly detection. Traffic anomaly events involve dynamic
spatiotemporal relationships, and the data is often imbalanced and scarce, making it difficult for existing
single fine-tuning methods to effectively handle these challenges. Especially in processing time-series data
and capturing subtle variations in traffic anomalies, the performance of existing methods is insufficient.
Therefore, overcoming these limitations and proposing fine-tuning strategies better suited for traffic
anomaly detection is crucial for improving model performance.

4. Hallucination Studies and Semantic Deviation in Traffic Scenarios

Recent advancements in multimodal large models have significantly improved their ability to
generate coherent image-text pairs for various applications, including traffic event recognition. However,
despite these improvements, the issue of "hallucination"—where models generate descriptions of
nonexistent objects or inaccurately describe object attributes—remains a critical challenge. This
phenomenon can severely affect the reliability of traffic event recognition systems, leading to potential
misclassifications. Hallucinations are typically categorized as Unsupported Hallucination (nonexistent
objects) and Image-Text Inconsistency (semantic misalignment). Evaluation methods include the CHAIR
metric (22), which measures unsupported objects, and the POPE framework (23), which detects
hallucination through binary classification. As multimodal evaluation evolves, traditional text similarity
metrics like BLEU and ROUGE are being replaced by semantic embedding-based methods—e.g.,
BERTScore (24), CIDEr (25)—and image-text alignment metrics—e.g., CLIPScore (26), SPICE (27)—
offering better semantic fidelity assessment. Human evaluation criteria such as factuality and completeness
are also widely used to complement automated metrics.

Despite progress in hallucination detection, challenges remain. Existing evaluation methods
struggle to capture all forms of hallucinations, particularly in complex traffic scenarios. While semantic
embedding and alignment metrics show promise, they often fail with fine-grained details in dynamic or
cluttered environments, where hallucinations can be subtle. Additionally, automated metrics may not fully
align with human understanding, causing models to perform well in evaluations but fall short in real-world
applications.

Although this study does not propose a direct hallucination mitigation mechanism, we recognize
that hallucination significantly impacts the reliability of traffic event recognition. Therefore, we incorporate
dedicated evaluation metrics in our experiments to quantitatively assess hallucination-related issues,
enabling a more comprehensive evaluation of generation quality and detail-level deviations in complex
traffic scenarios.

METHODS

1. Data Semantic Annotation

To enhance the visual understanding and semantic reasoning capabilities of large models for
traffic anomaly events, we have developed a local traffic semantic dataset encompassing both static
images and dynamic videos, supporting tasks in image comprehension and video reasoning. All image
data is sourced from surveillance cameras on the expressways and highways of Shanghai, covering
approximately 70,000 raw images and videos, involving more than ten event types. Figure 1 presents
local image examples, where (a) shows locally collected traffic anomaly image data, covering multiple
event types such as congestion, roadwork, collisions, and illegal parking; (b) illustrates examples of
uniform frame sampling from "anomalous" video keyframes, which capture the temporal evolution of
dynamic traffic events.
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(b) Example of Uniform Frame Sampling from 'Anomalous' Video Keyframes

FIGURE 1 Local Traffic Anomaly Image Data

Based on traffic engineering standards and urban traffic management needs, we have defined ten

typical traffic semantic event types, including single-vehicle accidents, multi-collision, abnormal parking,
two-wheeled vehicle intrusions, pedestrian intrusions, dispersed objects, overweight vehicles, intercity
passenger vehicle supervision, road construction, and hazardous chemical vehicle supervision. For these
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ten event types, we have constructed both image and video datasets and used them for model training,
aiming to enhance the model’s ability to recognize traffic events and develop deep semantic understanding.

To enable the model to better understand image content and produce outputs that align more
closely with the needs of traffic managers, we manually annotated the traffic image data. The semantic
annotation process, as shown in Figure 2, includes key stages such as data preprocessing, initial model
annotation, manual verification, and semantic enhancement.
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output 1. **Poor Visibility**: Due to fog or dust, the entire road appears very blurry and the visibility is very low.
2. **Few Vehicles**: There are only a few cars on the road.
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FIGURE 2 Semantic dataset construction pipeline for static images and dynamic video data in

traffic anomaly detection

Specifically, during the image database construction phase, we extracted keyframe images and
performed preprocessing, such as size normalization. We then designed a variety of prompt templates and

used the Qwen series of visual-language model APIs for initial semantic annotation of the image content,

covering elements such as event type, involved objects, event location, and impact range. After the model
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1 generated the annotations, they were manually verified and corrected to ensure accuracy and completeness.
2 The final dataset resulted in a structured, semantically rich image semantic dataset that covers ten types of
3 events. To enhance the model's ability to adapt to natural language prompts, multiple sets of prompts with
4  different expression styles but consistent semantics were assigned to image-text pairs in the dataset,
5  strengthening the model's generalization ability.
6 To overcome the limitations of temporal understanding in static images for anomaly event
7  recognition, we further constructed a video semantic dataset based on continuous frames. This dataset
8  focuses on two high-frequency events, "multi-collision"” and "abnormal parking." Several consecutive
9  frames were extracted from surveillance videos, and event evolution information was incorporated in the
10  temporal dimension. The data annotation process is similar to that of the image phase, relying on visual-
11 language models for initial annotation, followed by manual correction. Additionally, semantic information
12 , such as inter-frame actions, trajectory relations, and start-end times, was included, achieving a fusion of
13 image, text, and time modalities. This significantly enhances the model's understanding and reasoning
14  abilities regarding the development of traffic events in dynamic scenarios.
15 Ultimately, we obtained an image dataset consisting of over 876 image-instruction-output pairs,
16  covering ten event types, and a video dataset containing 471 multi-frame image-instruction-output pairs
17 focused on accidents and abnormal parking events. The distribution of event types in the datasets is shown
18  in Figure 3.
19
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FIGURE 3 Comparison of Event Distribution in Image and Video Datasets

20
21 2. Two-Stage Optimization Framework Based on LoRA
24 To enhance the model’s ability to recognize and describe various types of traffic anomalies, we

25  propose a two-stage optimization framework based on LoRA, as illustrated in Figure 4. This framework is
26  designed with differentiated modeling strategies targeting two distinct goals: accurate recognition of typical
27  events and comprehensive description of critical events.

28  Stage 1: Image-Text Alignment for Improved Recognition of Typical Events

29 The first stage focuses on fast and reliable recognition of common traffic anomalies. We construct
30  alocal semantic corpus based on paired image-text data and perform SFT with LoRA to enhance the model's
31  perception and identification of typical events, such as roadwork, pedestrian intrusion, and congestion. To
32 further improve the structural consistency and stylistic coherence of the model's output, we introduce a
33 locally annotated preference dataset and apply DPO. This enables the model to generate concise yet
34  informative descriptions that align with the expectations and terminology commonly used by traffic
35  management personnel.

37



O 0 1IN U A~ W —

—_—
[\

13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29

Sivu Wang, Yishun Li, Yuchuan Du, George Yannis and Chenglong Liu

Stage 2: Multi-Frame Video Semantic Modeling for Fine-Grained Description of Critical Events

In real-world traffic management scenarios, events such as “accidents” and “illegal parking” pose
greater challenges in both recognition and semantic completeness. To address this, we introduce video-text
multimodal datasets and develop a temporal reasoning module capable of modeling cross-frame semantic
dependencies. The model is trained to incorporate key elements such as trajectory interactions, temporal
boundaries, and evolving behaviors, using multiple fine-tuning strategies. The objective of this stage shifts
from basic classification accuracy to achieving comprehensive, coherent, and detail-rich event descriptions,
in line with the operational needs for structured incident reporting and decision-making.

o)
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| I_.T': You are an expert in traffic anomaly detection. Please carefully examine the following traffic image, determine if any anomaly is present,
| = and describe the event, its elements, and other relevant details.
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FIGURE 4 Two-stage optimization framework based on LoRA

Each stage contributes to distinct yet complementary modeling goals. The effectiveness of this
design will be thoroughly evaluated in Section: Experiments and Results.

3. Evaluation Metrics

As Vision-Language Models (VLMs) are increasingly applied to multimodal tasks, evaluation
frameworks for model outputs have evolved from early-stage language similarity metrics to more
comprehensive approaches that integrate semantic understanding and visual-text alignment. In recent years,
image-text consistency metrics such as CLIPScore (26) and SPICE (27) have been widely adopted for
assessing the quality of multimodal generation. In this study, considering the semantic complexity of traffic
image and video tasks, we adapt and extend existing evaluation frameworks to design a multi-level
evaluation system for both image understanding and video reasoning. The system is divided into two main
categories: structural metrics and semantic metrics. Structural metrics—such as BERTScore (24)—are
computed automatically by models or scripts and are suitable for evaluating basic semantic similarity and
element extraction capabilities. In contrast, semantic metrics rely on human judgment to perform
interpretive evaluations, focusing on detecting hallucinations and assessing the completeness and factual
accuracy of generated event descriptions.
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1 TABLE 1 Evaluation Metrics Design for Multimodal Semantic Understanding Tasks

Task Stage D%etrlc Metric Name Evaluation Objective Scoring
ype Scale
BERTScore Semantic similarity between 01
generated text and reference
Precision Accuracy of keyword recognition Percentage
Structured
Evaluation Recall Coverage of relevant keywords Percentage
Fl-score Overall keyword extraction Percentage
performance
Consistency of model output with
image/video content regarding event
Factuality type, location, and quantity; 0-1
Image indirectly reflects hallucination
Understanding degree
Coverage of key semantic elements;
. Completeness assesses whether core objects or 0-1
Seman'gc states are omitted
Evaluation
Quantitative assessment of the
redundency occurrence of invalid information 0-1
generation
Event Accuracy of event type classification o1
Accuracy in images
Consistency of model output with
image/video content regarding event
Factuality type, location, and quantity; 0-1
indirectly reflects hallucination
Video reasoning Seman?ic degree ;
Evaluation Coverage of key semantic elements;
Completeness assesses whether core objects or 0-1
states are omitted
Event Accuracy of event type classification 01
Accuracy in images
3
4 Given the differing task objectives of image understanding and video reasoning, we adopt
5  differentiated evaluation strategies for each stage. Table 1 above summarizes the evaluation framework
6  adopted in this study:
7 (1) In the image understanding stage, the model is required to identify anomalous events and their
8 key elements—such as involved objects, spatial locations, and impact scope—within a static
9 image. This aligns with the structured interpretation needs of traffic administrators. Therefore,
10 both structural and semantic metrics are applied at this stage, balancing basic element
11 recognition with factual accuracy.
12 (2) In the video reasoning stage, the focus shifts to assessing the model’s comprehension of the
13 temporal evolution of dynamic events and the coherence of its descriptive outputs. Accordingly,

10
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only semantic metrics are used, emphasizing the evaluation of output completeness, accuracy,
and logical consistency.

EXPERIMENTS AND RESULTS

1. Overview of Experimental Settings

To comprehensively evaluate the adaptability of large models in traffic semantic tasks, the
experimental section is divided into two stages: image understanding and video reasoning, corresponding
to event recognition in static scenes and dynamic inference across consecutive frames, respectively. Both
stages are based on the pre-trained Qwen2.5-VL-7B model but adopt different training strategies and
evaluation methods. For the image understanding task, we apply LoRA for parameter-efficient fine-tuning,
combined with DPO to achieve human preference alignment. For the video reasoning task, we focus on
two core event types—multi-collision and illegal parking—and explore the performance differences among
various LoRA variants.

Due to the differing computational requirements of the two tasks, the experiments for each stage
were conducted on separate hardware configurations. To ensure comparability, all model comparisons were
performed under identical hardware and task settings. The evaluation metrics were designed with a
consistent structural framework across both stages, as detailed in Table 1 in the Methods section.

2. Image Understanding
1. Model Configuration and Training Procedure

To enhance the model's adaptability to the specific task, this section applies Parameter-Efficient
Fine-Tuning (PEFT) (28) to the Qwen2.5-VL-7B model using the annotated scenario dataset described
above, with the fine-tuning implemented specifically through the LoRA method. During training, the initial
learning rate is set to 3e-5, while a lower learning rate of 1e-6 is applied to the embedding layers. A cosine
annealing strategy is adopted to dynamically adjust the learning rate, aiming to accelerate convergence and
improve training stability. The entire training process is carried out using the LLaMA-Factory open-source
framework and executed on a system equipped with an Intel(R) Xeon(R) Platinum 8352V CPU (2.10GHz),
1008 GB of RAM, and a single NVIDIA vGPU with 32 GB of memory. To balance model convergence
with overfitting risk, the batch size is set to 2, and the total number of training epochs is set to 10.

To ensure that the model outputs are more concise and aligned with the needs of traffic
administrators, we conducted DPO training on top of the supervised fine-tuning stage. The hardware
environment used for this experiment is consistent with that of the SFT stage. Since DPO is based on
gradient-based optimization, this training process also employs the LoRA method for parameter-efficient
fine-tuning. The low-rank dimension is set to r=8r = 8, consistent with the SFT stage, with a scaling factor
o=16\alpha = 16 and a dropout rate of 0.05 to balance the influence of the adapters and the regularization
effect. During training, the initial learning rate is set to le-5 with cosine annealing scheduling, the per-
device batch size is 1, and the effective batch size is 8. To accelerate computation, the training process
adopts mixed-precision training (fp16) and gradient clipping (max_grad norm = 1). Additionally, the visual
encoder is frozen (freeze vision tower = 1) to reduce computational overhead.

2. Incremental Ablation Analysis of Training Enhancement Strategies on Model Performance

Figure 5 presents a comparison of multiple performance metrics across different training stages.
The results show that the model exhibits significant improvements on all metrics after supervised fine-
tuning compared to the original pre-trained model. Specifically, the BERTScore increases to 0.7843,
representing an improvement of approximately 21.6%, indicating a substantial enhancement in semantic
similarity between the model outputs and the reference texts. At the keyword level, the precision improves
to 0.5335, recall reaches 0.4938, and the F1 score increases to 0.4798, reflecting a systematic improvement
in the model's ability to extract core semantic elements. Meanwhile, event recognition accuracy rises from
0.5139 to 0.7639, confirming a notable enhancement in the model’s understanding of traffic events.
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FIGURE 5 Comparative performance of the base model, SFT, and SFT+DPO across eight
evaluation dimensions.

Building upon this, we introduced DPO training to further optimize the model’s generation
preferences. After DPO, the model’s BERTScore reaches 0.7957, keyword F1 increases to 0.5165, and
although event accuracy slightly decreases to 0.7222, human-evaluated factuality improves to 0.7889 and
completeness rises to 0.6375, demonstrating advantages in overall text quality and consistency with visual
information. Notably, the redundancy score drops significantly from 0.0444 to 0.0069, highlighting the
effectiveness of DPO in reducing unnecessary repetition and compressing generated content.

3. Analysis of Recognition Performance Across Fine-Grained Traffic Event Types

Figure 6 illustrates the recognition and generation performance of the model—after supervised fine-
tuning and preference optimization—across different event types. The following analysis focuses on several key
scenarios related to the identification of anomalous events:

In the multi-collision scenario, the model achieves relatively strong performance on certain metrics,
with a BERTScore of 0.736 and an event accuracy of 0.625. However, the keyword recall is notably low at
0.232, and the completeness score drops to just 0.028. These results indicate that the model struggles to
capture key information related to multi-collision—such as the accident context, involved vehicles, and
environmental factors—which leads to generated texts lacking sufficient detail. The poor completeness
suggests that the model's outputs fail to comprehensively describe the accident scene, often omitting critical
elements such as the cause of the incident, its impact, and surrounding environmental conditions.

12
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FIGURE 6 Heatmap of Structured and Semantic Evaluation Scores for Traffic Events

The model performs weakest in the illegal parking scenario, with both event accuracy and factuality
scoring only 0.167, indicating a substantial deviation in the model's understanding of this event type.
Moreover, the completeness score is 0, suggesting that the generated texts entirely lack detailed descriptions
of the event. This poor performance can likely be attributed to the subtle or ambiguous visual cues present
in static scenes—illegal parking may not exhibit clear distinctions from normal parking based on image
features alone, making it difficult for the model to reliably differentiate between the two. Additionally, the
low completeness score reflects the model's inability to provide informative descriptions, often resulting in
superficial outputs that lack contextual or surrounding details.

In contrast, the model performs exceptionally well in identifying condition-based events such as
heavy fog. The keyword precision reaches as high as 0.967, recall is 0.699, and event accuracy achieves a
perfect score of 1. These results indicate that the model possesses strong capabilities in understanding and
describing scenes with distinct visual features.

3. Video Reasoning
1. Comparative Design of Fine-Tuning Strategies (LoORA vs. rsLoRA / PiSSA)

To overcome the limitations of static image semantic understanding in traffic anomaly detection
and further enhance the ability of vision-language models to perceive and reason about event evolution in
dynamic scenes, we extended the previous static image-based work by conducting multimodal video
reasoning research based on consecutive frames. Focusing on two core event types—multi-collision and
illegal parking—we constructed a multimodal video semantic dataset and integrated the Qwen2.5-VL
vision-language model to establish a closed-loop framework for semantic understanding and event response
generation in dynamic traffic scenarios.

To better adapt the model for anomaly detection in traffic scenarios, we fine-tuned it using LoRA

13
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and its variants, and compared their training efficiency. During training, the initial learning rate was
uniformly set to 5e-5, with a cosine annealing schedule applied to dynamically adjust the learning rate. The
entire training process was conducted on a system equipped with an AMD EPYC 9K 84 96-Core Processor,
1239 GB of RAM, and a single NVIDIA H20 GPU with 96 GB of memory. To balance convergence and
overfitting, the batch size was set to 1, and the total number of training epochs was set to 1.5.

The entire training process was conducted on a video-text dataset constructed based on the diagram,
containing a total of 680 samples. The dataset was split into training, validation, and test sets in a ratio of
8:1:1.

2. Performance Comparison and Multi-Event Analysis

To evaluate the performance differences among fine-tuning strategies for traffic video anomaly
detection, we compared three representative methods: LoRA (18), rsLoRA (29), and PiSSA (30). The
comparison focuses on multiple dimensions, including the factuality and completeness of generated content,
the accuracy of event type recognition, and training efficiency. The detailed performance results of each
model are presented in Table 2.

TABLE 2. Multi-Metric Comparison of LoRA, rsLoRA, and PiSSA in Video Event Detection

Fine-Tuning Event Convergence
Strategies factuality completeness Accuracy Time Epoch
Base 0.29 0.2866 0.283 S S
LoRA 0.5466 0.57 0.733 3h40md44s 1.46
rsLoRA 0.59 0.6066 0.633 4h13m19s 1.49
PiSSA 0.5766 0.5834 0.7 3h50m33s 1.26

The results show that all three fine-tuning strategies significantly outperform the original model.
Among them, rsLoRA achieves the best performance on the two subjective metrics—factuality (0.59) and
completeness (0.6066)—indicating that its rank-stabilization mechanism contributes to higher
informational consistency and expression completeness. However, it also incurs the longest training time,
approximately 4 hours and 13 minutes. LoRA attains the highest event recognition accuracy (0.733) and
converges more quickly, demonstrating strong generalization ability in low-rank parameter tuning. PiSSA
performs comparably to LoRA in overall metrics, with slightly longer training time but the lowest number
of epochs (1.26), suggesting an advantage in convergence efficiency and potential suitability for rapid
deployment scenarios.

(a) illegal parking (b) multi-collision (c) illegal parking
FIGURE 7 Visual Illustrations of Model Anomaly Detection Issues under rsLoRA Training Strategy
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TABLE 3. Model Anomaly Detection Analysis under rsLoRA Training Strategy

Visual
expect_output rsLoRA_output analysis
Examples pect_outp _outp Y
Rule Comparison:
Rule Comparison: Abnormal Parking Criteria:
Abnormal Parking Criteria: Vehicle is stationary in a non-parking area \/ .
Figure 7 ITImC'k is lstationqry in kt_he emergency lane o Met. %\?mgrgericy lane) — ll:{let. y Incident Type
0 signals permit parking in the emergency lane — o signals permit parking — Met. : :
et. £ . P P £ geney Haza%d ligl?ts are gn — I%ot met. \/ Incident Location
(a) Hazard lights are on — Met. ) Driver’s presence is unconfirmed, and \ Driver Status
Driver's status is unclear — Uncertain. vehicle status is unclear — Met. .
Vehicles behind are not affected — Not met. Final Judgment: X Hazard Lights Status
Final Judgment: Most fitting abnormal type: Abnormal
The most fitting abnormal type: Abnormal Parking Parking
Incident Analysis: ) )
Location: Wu Ning Road North Tunnel, east to west ~ Incident Analysis:
direction. Abnormal Features:
Involved Vehicles: Multiple vehicles are stopped or moving L
Figure 7 White sedan, parked in the far-right lane with hazard ~ slowly in the lanes, indicating a possible =~ The event description is
Li ghtsdoln.\li\/hitc SU(}L %arkcd i111( tdc milddlc l(;iaénlc \ivith g;)l}qisul)n. b | N not clear enough and
azard lights on.Red sedan, parked in the middle lane chicle positions are abnormal, witl .
(b) with haz%lrd lights on. P vehicles P crossing  multiple  lanes, lacks an }m@crstand'mg
Other vehicles 1(‘%ncluding a white and black sedan)  suggesting a collision has occurred. of dynamic time series
parked in the left lane with hazard lights on. Some individuals have exited their
Behavior: Multiple vehicles are parked with hazard ~ vehicles, possibly handling the accident or
lights on, indicating a traffic accident or emergency.  checking the situation.
Abnormal Features: o
Rightmost lane (the emergency lane) has two large ~ Scene Description:
trucks parked on the roadside, both stationary. Vehicles are moving slowly, with some
The front truck has its hazard lights on, and people  using hazard lights, possibly due to rainy Rainy weather / target
have exited the vehicle to inspect the situation. The ~ weather or wet roads. . .
Figure 7 second truck has no hazard lights on, and there are ~ The distance between vehicles is normal, d¥stance is too far,
o people nearby. with no severe congestion or stalling. visual features are not
(© Rule Comparison: Vehicle speeds remain low, and most obvious, and the model

Based on the provided abnormal parking judgment
criteria:

Vehicle is completely stationary in a non—gl)arkin
area (e.g., driving lanes, emergency lanes): The truck
is parked in the emergency lane, which is a non-
parking area.

vehicles are concentrated in the left lanes.
No vehicles are stationary in the
emergency lane or non-driving lanes, and
no signs of a multiple vehicle accident are
observed.

is unable to detect the
anomaly

We further analyzed the model's performance under specific event types, using the output results
from the rsLoRA training, which demonstrated the best performance in terms of content factuality, as shown
in Table 3. Despite fine-tuning, the model still exhibits the following issues:

(1) Inaccurate recognition of hazard light status in illegal parking events: Although the model can

correctly identify the event type, it often exhibits significant errors in determining vehicle position and type,
and even generates severe hallucinations. This indicates a lack of stable semantic control at the detail level.

(2) Insufficient perception of event progression in multi-collision: Most models fail to describe the
causal chain of accident development, relying instead on surface-level cues such as vehicle clustering and
changes in speed. This limitation is likely related to the frame sampling strategy during training. In
particular, the use of evenly spaced frames for training data may result in the omission of critical moments,
thereby impairing the model's ability to understand and reason over dynamic event sequences.

(3) Performance degradation under weak visual signals: In low-visibility conditions—such as poor
lighting or inconspicuous vehicle positioning—the accuracy and completeness of generated content drop
significantly. This suggests that current models still lack sufficient robustness when dealing with visually
complex environments.

Overall, although various fine-tuning strategies significantly improve the performance of large
models in video-based event recognition, challenges remain in detailed characterization of multiple events,
causal reasoning, and adaptation to low-quality visual scenarios. Future research may focus on enhancing
keyframe selection mechanisms, low-light image enhancement, and multi-scale semantic modeling to
further improve the model’s practicality and robustness in real-world traffic environments.
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CONCLUSIONS

This study presents a two-stage optimization framework that combines static image semantic
analysis with dynamic video reasoning for traffic anomaly detection. By constructing a localized image-
text dataset and employing a multi-stage training strategy, including SFT and DPO, we significantly
enhance the performance of visual language models in complex traffic environments. Experimental results
demonstrate that, after two-stage optimization, the Qwen2.5-VL-7B model's recognition accuracy in static
image understanding tasks improved from 0.497 to 0.789, with a significant reduction in text redundancy.
In dynamic video reasoning tasks, for events such as "multi-collision" and "illegal parking," the model's
recognition accuracy increased from 0.358 to 0.59, achieving a 64.8% improvement. These results validate
that the proposed framework, combined with domain-specific datasets, effectively enhances the model's
semantic understanding and event detection capabilities in traffic-related applications.

This approach not only demonstrates the immense potential of visual language models in the
intelligent transportation field but also provides an efficient and cost-effective solution for multimodal
anomaly detection. Future research will focus on exploring key frame selection mechanisms, low-light
image enhancement techniques, and more refined causal modeling of events, to further improve the model's
generalization ability and robustness in complex, multi-source environments.
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