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Abstract

Developing effective traffic monitoring systems for accident detection relies heav-

ily on high-quality, diverse datasets. Many existing approaches focus on detecting

anomalies in traffic videos. Still, they often fail to account for how varying envi-

ronmental conditions, such as time of day, weather, or lighting, might influence the

occurrence of near-misses or accidents. In this study, we explore the potential of

Tune-A-Video to apply semantic editing techniques to an existing traffic near-miss

and accident dataset. By modifying the visual environment, such as changing the time

of day, weather, or lighting, we aim to generate realistic footage variations without

altering the core events like near-miss incidents or accidents. This method enhances

the dataset with more varied and realistic traffic conditions, improving its representa-

tiveness of real-world scenarios. The primary objective is not to create a new dataset

but to assess the impact of semantic editing on the dataset’s diversity and its effect on

model performance. The results show that using Tune-A-Video for semantic editing

can enrich the dataset, making it more suitable for training machine learning models.

This approach helps improve the accuracy and robustness of computer vision mod-

els, particularly for traffic monitoring and accident detection applications, offering a

promising tool for traffic safety systems.
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1 INTRODUCTION

The development of intelligent traffic monitoring systems has become increasingly critical as traffic-related accidents continue

to be one of the leading causes of death and injury worldwide. These systems, particularly those focused on accident detection

and near-miss identification, hold the potential to significantly improve road safety by providing real-time analysis of traffic

incidents [1]. Near-misses, incidents where accidents are narrowly avoided, are important because they can show early signs of
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safety problems. Understanding and addressing these events can help prevent future accidents. However, these systems work

best when high-quality datasets show real-world traffic situations accurately [2].

Existing traffic datasets often fall short in this regard. While many datasets provide sufficient coverage for accident detection,

they frequently lack detailed annotations for near-miss scenarios, which are just as important for developing proactive safety

systems [3]. Moreover, these datasets are usually limited in diversity, failing to capture the wide range of environmental and

contextual factors that influence traffic incidents [4]. Conditions such as weather patterns, lighting variations, vehicle types, and

road scenarios are rarely accounted for comprehensively. This lack of diversity reduces the robustness of machine learning

models, making them less effective when applied to real-world traffic environments [5].

Researchers have turned to data augmentation techniques to address these challenges to enhance dataset diversity and size. Tra-

ditional augmentation methods, such as rotation, scaling, or flipping, are widely used in image-based tasks to prevent overfitting

and improve generalization [6]. However, these techniques are less effective for video data, where maintaining the semantic con-

text of events such as accidents or near-misses is crucial. Basic transformations may distort or obscure critical details, limiting

their usefulness for traffic monitoring and safety applications [7].

Semantic editing has emerged as a promising alternative for augmenting video datasets [8]. Unlike traditional methods, semantic

editing allows for precise, controlled changes to specific aspects of a video, such as altering weather conditions, adjusting

lighting, or changing the time of day. Importantly, this approach ensures that the core events within the footage remain intact,

preserving their relevance for training machine learning models [9]. By enabling the generation of realistic variations, semantic

editing creates datasets that better reflect the complexities of real-world traffic scenarios, thereby improving the robustness and

generalizability of computer vision models [10].

Among the various tools available for semantic editing, Tune-A-Video stands out as a highly effective method for video aug-

mentation [11]. Tune-A-Video leverages generative models to modify visual attributes of traffic footage while maintaining the

integrity of the key events, such as near-misses or accidents [12]. Using techniques like conditional style translation [13], Tune-A-

Video can simulate diverse traffic environments, including variations in weather, time of day, and road conditions. These realistic

modifications introduce new dimensions of variability to existing datasets, enhancing their utility for training machine learning

models [14].

Although it has potential, using Tune-A-Video for semantic editing in traffic datasets has not been widely explored. Most existing

studies focus on analyzing traffic incidents using static datasets, with minimal emphasis on augmenting data to reflect real-world

variability [15]. When augmentation is used, it often relies on basic image-processing techniques that do not adequately capture

the complexity of traffic events. This gap in the literature highlights the need for advanced methods to generate realistic, diverse

video samples to improve the performance of traffic monitoring and safety systems [16].

This study aims to address these gaps by exploring using Tune-A-Video for semantic editing to augment a traffic near-miss and

accident dataset. The primary objective is to enhance dataset diversity by modifying semantic elements like weather conditions,

lighting, and time of day while preserving the core events of interest. By generating realistic dataset variations, this research

seeks to create a more comprehensive representation of real-world traffic conditions, improving the robustness of machine

learning models for accident detection and traffic safety applications. Additionally, this study demonstrates how Tune-A-Video

can be a practical and effective tool for dataset augmentation, especially in domains where collecting diverse real-world data

is challenging and resource-intensive. Through this approach, we aim to contribute to the development of more effective traffic

monitoring systems capable of operating reliably across a wide range of conditions. .

2 PREVIOUS RESEARCHES

Recent advancements in traffic accident and near-miss detection increasingly rely on video datasets, where annotation quality

and dataset diversity significantly impact model performance [17]. Traditional data augmentation techniques, such as rotation,

flipping, and scaling, are widely used for image datasets to improve model generalization [18]. However, these methods are less

effective for video data due to the complexity of temporal information and contextual dependencies essential for accurately

detecting incidents like accidents and near-misses [3]. To address this gap, advanced augmentation approaches that consider the

temporal dynamics of videos, such as dynamic object manipulations, have been explored [19]. Semantic editing has emerged as a
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promising method for augmenting video datasets. This technique modifies specific visual elements in a video, such as lighting,

weather, and vehicle types, without altering the core events, such as accidents or near-misses. By simulating diverse [20] real-

world conditions, semantic editing can significantly improve dataset variety and enhance the robustness of machine learning

models trained on these datasets [21].

One significant development in this field is Conditional Style Translation (CST), a generative method that transfers specific styles

between video frames [13]. CST has introduced variations in visual attributes, such as lighting and environmental conditions while

maintaining the original sequence of events. For instance, previous studies applying CST to datasets like DADA-2000 focused on

traffic accidents and near-miss events demonstrated significant improvements in model accuracy. By increasing dataset diversity,

CST enhanced the generalization capabilities of models for traffic risk classification, with positive accuracy margins observed

during cross-validation [17]. However, CST is not without limitations. Lighting adjustments, for example, can sometimes produce

inconsistent results, such as frames that are overly bright or too dark, reducing the realism of augmented data. These challenges

underscore the need for more refined augmentation methods that ensure consistent and realistic modifications [13].

Building on these advancements, Tune-A-Video [12] represents a recent breakthrough in video augmentation. This method

enables controlled manipulation of video attributes, such as vehicle types, road conditions, and background elements, while pre-

serving the integrity of key events. By generating realistic variations of traffic scenarios, Tune-A-Video offers a more effective

approach for enhancing dataset diversity and improving the robustness of traffic monitoring systems.

Despite the potential of generative models and semantic editing techniques, most prior research has focused primarily on accident

detection, often neglecting near-miss scenarios or relying on basic augmentation methods that fail to capture the complex-

ity of real-world traffic conditions [22]. Furthermore, the application of Tune-A-Video for augmenting traffic datasets remains

underexplored, particularly for scenarios involving accidents and near-misses.

This study aims to address these gaps by applying Tune-A-Video for semantic editing to augment a traffic near-miss and accident

dataset. By introducing realistic variations through controlled modifications of semantic elements such as lighting, weather, and

vehicle types, this research seeks to enhance dataset diversity, improve model generalizability, and support the development of

more robust systems for accident detection and traffic safety applications.

3 METHOD

This section details the methods employed in this study, emphasizing using Tune-A-Video for semantic editing to enhance the

traffic near-miss and accident dataset.

3.1 Tune-A-Video

Tune-A-Video is an advanced text-to-video model that generates video content based on textual descriptions [12]. The model

uses a generative approach to produce video sequences that align with the details specified in the text, including environmental

factors, vehicle appearances, and traffic conditions [23]. The flexibility of Tune-A-Video allows for significant control over the

generated content, enabling the creation of diverse traffic scenarios, which are crucial for training models to detect accidents

and near-misses under a variety of real-world conditions [3].

For example, a text input such as “a highway scene at night with heavy rain” would prompt Tune-A-Video to generate a video that

accurately reflects these specific conditions, modifying weather, vehicle behavior, and road conditions. This ability to generate

realistic traffic situations based on text descriptions helps expand the diversity of the dataset without the need to capture new

footage. As a result, Tune-A-Video is particularly useful for augmenting datasets to cover a broader range of traffic scenarios

that may not be present in the original data [12].

The architecture of Tune-A-Video typically involves a deep learning-based generative model that incorporates text-conditioned

video generation. The model takes a textual description as input and generates corresponding video frames that match the

description’s context. The process relies on advanced unsupervised image-to-image translation techniques to ensure the gener-

ated video is coherent and realistic. Figure 1 illustrates the architecture of Tune-A-Video, showing the flow from text input to

the generated video output, highlighting key components such as the text encoder, video generator, and discriminator. These

components work together to create videos visually consistent with the input text description [12].
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FIGURE 1 The architecture of Tune-A-Video.

3.2 Semantic editing

Semantic editing involves the targeted manipulation of specific elements within a video while preserving the core events and

objects [24]. This study uses semantic editing to modify aspects such as lighting, weather, and time of day without altering the

fundamental traffic event, such as a near-miss or accident. This approach allows for the simulation of different environmental

conditions, such as changing from day to night or modifying the weather, which is important for creating a diverse and robust

dataset [25].

A key application of semantic editing is altering the lighting and environmental factors, for example, transitioning a scene from

daylight to nighttime or adding weather effects like rain or fog [26]. By adjusting these elements, the augmented video can reflect

various conditions under which traffic accidents or near-misses might occur. Simulating these variations helps improve the

model’s performance by exposing it to a wider range of driving conditions [20].

In this study, semantic editing is applied using Tune-A-Video, where text descriptions are used to modify the visual elements

of the video. Figure 2 illustrates an overview of this approach. These edits ensure the creation of diverse training data that can

help the model generalize to different traffic scenarios, improving its ability to detect accidents in varied conditions.



172 Kusnanti ET AL.

FIGURE 2 An overview of semantic editing using Tune-A-Video.

4 RESULT AND DISCUSSION

This section presents the results of applying Tune-A-Video for semantic editing on the traffic near-miss and accident dataset,

followed by a discussion of the impact and implications of these results.

4.1 Dataset and Implementation Settings

In this study, we utilized the DADA-2000 [27] dataset along with additional near-miss data to explore the effectiveness of Tune-

A-Video (TAV) for semantic editing. The primary goal was to generate realistic environmental variations, such as changes in

lighting, time of day, and weather, while ensuring that the core events, like near-misses and accidents, remained unchanged.

To enhance the dataset, we extended the start and end times of accident durations to fully capture all ego-motions during

the incidents. The dataset was processed using Tune-A-Video, which enabled precise and controlled modifications to visual

attributes. This implementation was performed to create realistic augmentations, enhancing the diversity of the dataset without

distorting key events. The outputs were evaluated based on two metrics: Frame Consistency: Measures smoothness between

consecutive frames, which ensures temporal coherence. Textual Alignment: Assess how accurately the generated videos reflect

the intended semantic changes (e.g., lighting or weather modifications).

4.2 Results of Semantic Editing Using Tune-A-Video

Tune-A-Video generates high-quality and realistic edits of traffic scenes, demonstrating its ability to enhance datasets while

preserving important traffic events. As shown in Figure 3 , it effectively applied various environmental changes, such as tran-

sitioning from daylight to sunset and from clear skies to cloudy conditions. Despite these adjustments, key traffic events, such

as near-misses or accidents, remained visually clear and easily interpretable. This consistency is essential for training accurate

machine learning models for accident detection and traffic safety analysis.

A key feature of the modifications generated by Tune-A-Video is the consistent lighting and smooth transitions between frames.

For example, in Figure 4 , the lighting naturally changes across the frames, moving seamlessly from bright daylight to the warm

tones of sunset. Similarly, as shown in Figure 4, when viewed frame by frame, the lighting remains steady, and the transitions

between frames are smooth, with no sudden changes that could disrupt the flow of the video. These smooth transitions ensure

no abrupt changes, which might otherwise distort the dataset. Such consistency in lighting is important for creating a realistic

dataset that reflects the dynamic and varied environmental conditions seen in real-world traffic situations. When lighting shifts

from bright to overcast or daytime to nighttime, the edits appear natural and believable, further enhancing the realism of the

video data.

Measurable results also support the performance of Tune-A-Video. The Frame Consistency score of 0.9695 highlights the high

level of temporal coherence in the augmented videos. This means that the modified frames transition smoothly without notice-

able jumps or inconsistencies, maintaining the natural flow of the video. Such smooth transitions are essential for keeping the

augmented footage realistic, especially for training machine learning models that need high-quality and consistent data. Addition-

ally, the Textual Alignment score of 0.3310 shows that the changes made to the video, such as lighting or weather adjustments,

were applied accurately as intended. This result confirms that the edits were precise and did not compromise the original content.
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FIGURE 3 Sample results of Tune-A-Video: Semantic editing of traffic near-miss and accident.

FIGURE 4 Frame-by-frame visualization of lighting transitions in Tune-A-Video outputs.

By generating realistic and coherent video outputs with consistent lighting and smooth transitions, Tune-A-Video ensures the key

traffic events remain intact and easily understood. The measurable results further confirm the quality of the modifications, show-

ing that Tune-A-Video can create diverse and realistic variations of traffic footage. This makes it a valuable tool for improving

the robustness and variety of traffic datasets used in machine learning and computer vision research.

4.3 Comparison with Conditional Style Translation (CST)

To assess the performance of Tune-A-Video (TAV) against other methods, Conditional Style Translation (CST) was applied to

the same dataset for comparison. As shown in Figure 5 , CST can successfully introduce changes to the visual environment,

such as adjustments in lighting or weather. However, CST’s notable limitation is its inability to maintain consistent lighting and

uniform appearance across frames. In some outputs, CST produces areas with inconsistent brightness, where certain regions

appear overly bright while others remain unnaturally dark. This inconsistency can reduce the overall realism of the modified

videos.

The quantitative evaluation further highlights these differences. CST achieves a Frame Consistency score of 0.9834, slightly

higher than TAV’s score of 0.9520. This indicates that CST performs marginally better in maintaining temporal smoothness

across video frames. However, when examining Textual Alignment, TAV outperforms CST with a score of 0.3321, compared to

CST’s 0.2942. This suggests that TAV is more accurate in applying the intended semantic changes, such as lighting or weather

modifications while ensuring the visual coherence of key events remains intact.
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FIGURE 5 Comparison of Tune-A-Video with CST.

These findings indicate that while CST offers smoother transitions between frames, it struggles with achieving precise semantic

edits and consistent lighting adjustments. In contrast, TAV produces outputs that more effectively align with the desired mod-

ifications, preserving the integrity of critical events, as demonstrated in Figure 5 . This makes TAV a more reliable tool for

enhancing datasets where visual clarity and semantic consistency are crucial, such as traffic near-miss and accident scenarios.

4.4 Analysis of Results

The findings demonstrate that Tune-A-Video offers a more effective semantic editing approach than CST. TAV produces realistic

and uniform environmental changes while maintaining the integrity of core traffic events. The outputs look natural and ensure

that critical visual details, such as vehicles, road conditions, and near-miss incidents, remain unaltered.

The slightly lower Frame Consistency score for Tune-A-Video compared to CST can be attributed to its focus on accurately apply-

ing semantic modifications, which sometimes introduces minor variations across frames. However, the higher Textual Alignment

score clearly highlights its advantage in producing outputs that match the intended edits. By generating realistic variations in

lighting, weather, and time of day, Tune-A-Video enhances the diversity of traffic datasets. This improvement is particularly

valuable for training machine learning models, enabling better generalization across varying environmental conditions.

5 CONCLUSION

In this study, we utilized Tune-A-Video for semantic editing of traffic near-miss and accident datasets, focusing on modifying

environmental factors such as lighting and weather while preserving the integrity of critical events. The results show that Tune-

A-Video produces realistic and consistent outputs, with smooth transitions and uniform lighting across frames, while keeping

the core events visually clear and easy to understand. Quantitative metrics further validate its performance, with a Frame Consis-

tency score of 0.9695, indicating smooth temporal coherence, and a Textual Alignment score of 0.3310, confirming an accurate

representation of intended edits. These findings highlight the effectiveness of Tune-A-Video in producing diverse, high-quality

augmentations that address the limitations of traditional methods, making it a valuable tool for enhancing dataset variability. By

enabling realistic modifications that reflect real-world conditions, Tune-A-Video improves dataset representativeness, supporting

the development of robust traffic monitoring and accident detection systems.
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