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ABSTRACT ARTICLE INFO
Accident image detection is a critical step in supporting rapid response systems Received
during emergency situations. This study employs the Contrastive Language— 02 Feb 202x
Image Pre-training (CLIP) model to detect accident images using a zero-shot Revised
approach, without requiring retraining on a specific dataset. The CLIP model 28 March 202x
leverages multimodal embeddings from text and images, enabling detection Accepted
based on textual descriptions. The experimental vesults, using the ViT base 18 Mei 202x

patch 32 model, show that this method achieves a Top-1 accuracy of 32% and
a Top-5 accuracy of 95.86%. Although the Top-1 accuracy indicates that further
optimization is needed, the high Top-5 accuracy demonstrates the significant
potential of CLIP for efficient accident image detection. With further
development, this technology can serve as a reliable solution for various
emergency response scenarios, offering flexibility and efficiency in detecting
accident-related images.
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I. INTRODUCTION

In the increasingly developing digital era, artificial intelligence (Al) technology has become an
important component in various fields, including public safety [1]. One application that has
attracted attention is the automatic detection of accident images using Al technology. This
system has the potential to speed up the response to accidents by identifying incidents in real
time from images or videos uploaded, whether through surveillance cameras, social media, or
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other devices. However, the main challenge in developing this system is the need for a large and
well-regarded dataset to train the detection model, which is often difficult to obtain [2].

To address this issue, zero-shot learning approaches offer an innovative solution. By leveraging
models such as Contrastive Language—Image Pre-Training (CLIP), systems can recognize
objects or situations without requiring retraining using specific datasets [3], [4]. CLIP combines
natural language capabilities with image recognition, enabling models to more flexibly
understand the relationship between text descriptions and visual content. This approach provides
high efficiency, especially in situations that require rapid detection without additional training

[5].

This research was conducted to examine the potential of using CLIP to detect accident images
using a zero-shot learning approach. This approach is expected to enable the system to recognize
various types of accidents without requiring extensive training data, thereby accelerating the
technology's implementation in the real world. This could be a significant contribution to
improving the effectiveness of accident management.

The objective of this research is to develop and test a CLIP-based accident image detection
model using a zero-shot learning approach to measure its accuracy and effectiveness. Thus, this
research is expected to open new opportunities in the development of Al-based technologies to
support public safety and well-being.

II. METHODS

This research uses a Kaggle dataset from Charan Kumar entitled Accident Detection from
CCTYV Footage [6]. This dataset contains various CCTV recordings focused on detecting traffic
accident incidents through image analysis. There were originally three folders in this dataset:
training, testing, and validation. Each folder had two classes: accident and non-accident. In this
research, only 1 folder of the dataset was used and not split, with a composition of 350 accident
image data for the accident class and 350 normal traffic image data for the non-accident class.

(a) (b)

Figure 1. (a) Samples from Accident Class and (b) Non-Accident Class

In addition to image data, the CLIP research requires multimodal data, namely image data and
text data. The text data in this research consists of candidate descriptions for each class.
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Ultimately, these candidate descriptions will be selected by the CLIP model, which is used to
determine the candidate description relevant to its image by considering the highest similarity
score. In Tables 1 and 2, the following candidate descriptions were generated manually.

Table 1. Accident Image Description Candidate

No. Candidate Description
1 A caraccident on a road
2 A car accident involving multiple vehicles
3 A motorcycle accident involving multiple vehicles
4 A damaged vehicle after a collision
5  Anoverturned car on the highway
6 A car was hit by a truck
7 A car was crushed by rocks
8  The car crashed into a pedestrian crossing
9  The car hit the road divider
10 The truck skidded on the road

Table 2. Non-Accident Image Description Candidate

No. Candidate Description
1 A calm street with clear traffic
2 A mountain landscape with no traffic
3 A busy street with no accidents
4 Street view after rain with no accidents
5 A car parked on the side of the road
6  Many cars parked on the side of the road

1. CLIP (Contrastive Language Image Pre-training)

CLIP is a machine learning model that involves the use of more than one type of data
(multimodal) or sources of information in its training and inference processes [7], [8]. CLIP
was developed by OpenAl, which can understand the relationship between text and images [9].
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Figure 2. CLIP (Contrastive Language—Image Pre-training) Process

The characteristic of the CLIP method uses 2 types of data, namely images and text, requiring
2 main encoders in the process, namely [10]:

1. Image Encoder, which converts images into vector representations.

2. Text Encoder, which converts text into vector representations.

The CLIP method is a contrastive learning approach that uses a positive approach (when images
and text are related) and a negative approach (when images and text are not related) [11]. CLIP
is trained to map images and text descriptions into a shared vector space with the goal of
bringing relevant image-text pairs closer together in a positive approach while making irrelevant
pairs more distant [9]. After training, CLIP can be used for various tasks, as CLIP embeds
images and text in the same space, allowing it to handle image retrieval and image classification
without image retrieval by looking at the similarity between text and images.

2. Zero-Shot Learning Approach

Zero-Shot Learning in CLIP refers to the ability of the CLIP model to perform certain tasks
without the need for additional training (fine-tuning) or specific adjustments for that task [12].
In other words, CLIP can perform various new tasks just by being given a relevant text
description without needing to see examples of data or images related to that task before [13].
CLIP works by converting dataset labels or candidate descriptions and comparing them with
image representations through cosine similarity [14]. Predictions are made based on the highest
similarity score between the image and text with a softmax function (softmax probability) [3],
[15].
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Figure 3. Zero-Shot Process in CLIP
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This method allows CLIP to excel in tasks such as zero-shot image classification in multimodal

data [14].
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The research flowchart can be seen in Figure 4.
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Figure 4. Research Flowchart

Figure 4 is a flowchart where all processes will be visualized in a chart sequentially according
to the research process. In the preprocessing stage, dataset collection is carried out, which, in
this research, was downloaded from the open-source website Kaggle [6]. Next, we proceed with
importing libraries, where we will download and call the libraries we use. After that, the data is
resized to standardize the input size [16], followed by normalization, which is the process of
transforming image data to have uniform values on a certain scale [17]. After the preprocessing
has been carried out, it is followed by the CLIP process, where the researcher must input the
model and processor used.

In this research, two models are used for the main comparison by looking at efficiency in terms
of time and cost. The first model used is ViT base patch 32, where the model has 12 encoder
layers and 12 attention heads, and each input will be cut into patches of size 32x32 pixels and
converted into embedding vectors [18]. The second model used is Vit Large patch 14, where the
model has 24 transformer layers and 16 multi-head attention, and each input will be cut into
patches of size 14x14 pixels [19]. Next, we define relevant description candidates, namely 10
candidates for the accident class (Table 1) and 6 candidates for the non-accident class (Table 2).
The model will select the most relevant description by considering the highest similarity value
produced by the model, and this value will be saved in a CSV file.

ITI. RESULTS AND DISCUSSION

The image data used in this research was divided into two classes, namely, accident and non-
accident, with 350 images per class. Before being used for model training, the images underwent
two preprocessing stages: resizing and normalization. Resizing was performed due to the
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varying sizes of the input images, necessitating adjustment of the image dimensions to
224 x 224 pixels. This size is commonly used and can help maximize model performance by
ensuring consistency of input dimensions. Next, the image data was normalized to the range
[—1, 1] with a mean and standard deviation of 0.5. This normalization is important to change
the image pixel values that initially have a certain range so that no single pixel dominates the
model's calculations during the training process. Images that have gone through the
preprocessing stage are then saved in a pre-prepared storage folder.

Figure 5 shows the difference between the original and preprocessed images. The original
images vary in size and resolution, while after resizing, all images are adjusted to 224 X 224
pixels for input consistency. Furthermore, normalization ensures that no single pixel dominates
the computation during model training.

Figure 5. (a) Original Data and (b) Data After Preprocessing

Table 5. Comparison of CLIP Models

Model Average Score Time (s)
ViT Base Patch32 29.58 102.64
ViT Large Patch14 23.79 1194.54

After the image data is normalized, the next step is to define the model and processor used in
this research, namely ViT base patch 32 and ViT large patch 14. In its application, CLIP receives
two inputs, images and text, and produces an output in the form of a similarity score or
probability that indicates the extent of their compatibility. CLIP has two main encoders: a Vision
Encoder based on Vision Transformer (ViT), which converts images into vector representations,
and a Text Encoder based on Transformer, which converts text into vectors that can be compared
with image representations. The ViT model used here is the "base" variant with 12 layers and
32x32 pixel patches, which allows image processing through the attention mechanism, and the
"large" variant with 24 layers and 16 multi-head attentions with 14x14 pixel patches. In Table
5, the average scores of the two compared models are obtained, derived from the similarity score
calculation process between image embeddings and text embeddings. It appears that the first
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model excels in average score and execution time. In this study, only the first model was
continued.

In addition to images, categorical data is needed in the form of image descriptions that serve to
provide relevant labels or categories for each image in the dataset. Image descriptions such as
"A car accident on a road", "A calm street with clear traffic", and others. This description data
is very important in the zero-shot approach applied by CLIP, because the model needs text
descriptions to calculate the similarity between images and labels. Some descriptions used for
images in the accident category include "A car accident involving multiple vehicles" and "An
overturned car on the highway," while for the non-accident category, descriptions such as "A
calm street with clear traffic" and "A busy street with no accidents" are used. These descriptions
help the model determine the relevance between images and text to achieve accurate results.

Highest Similarity Candidate

The detection process begins with image processing and the calculation of similarity between
the image and relevant text descriptions. The text descriptions used include various conditions
that describe the categories of images, such as "A car accident on a road" for accident images
and "A calm street with clear traffic" for non-accident images. The similarity between the image
and the description is calculated using cosine similarity.

For example, for Figure 6, the description with the highest probability is "A car accident on a
road," which indicates that the image most closely fits the "Accident" category. Similarly, for
Figure 8, the description with the highest probability is "A calm street with clear traffic," which
indicates that the image most closely fits the “Non-Accident” category. The highest probability
results are obtained from the calculation of similarity between the image and text representations
in the CLIP latent space, with higher probabilities indicating a greater degree of match between
the image and the text description.

Figure 6. Accident Input Image Sample
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Descriptions

CLIP Probabilities for Image Descriptions

A car accident on a road 4

A car accident involving multiple vehicles 4

A motorcycle accident invalving multiple vehicles 4

A damaged vehicle after a collision 4

An overturned car on the highway 4

A car was hit by a truck

A car was crushed by rocks q

The car crashed inte a pedestrian crossing

The car hit the road divider

The truck skidded on the road 4

0.0 02 0.4 0.6 0.8 10
Probability

Figure 7. Softmax Probability Results for Figure 6

Figure 8. Non-Accident Input Image Sample
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CLIP Probabilities for Image Descriptions

A calm street with clear traffic 4

A mountain landscape with no traffic

A busy street with no accidents

street view after rain with no accidents

Descriptions

A car parked on the side of the road |

a car was driving on the road safely 4

many cars parked on the side of the road

0.0 02 04 06 08 10
Probability

Figure 9. Softmax Probability Results for Figure 8

Cosine similarity measures the linear relationship between two vectors, in this case, between the
representation of images and text in the CLIP latent space. The cosine similarity value ranges
from -1 to 1, with higher values indicating greater similarity between the image and text. The
similarity value is relative to a single description, not considering the similarity of the image
with other descriptions.

On the other hand, softmax probability converts similarity scores into probabilities [0, 1], which
facilitates model training and evaluation using the loss function. This probability indicates the
model's confidence in the relevance of a specific description to the image, while considering its
relationship with all existing descriptions.

Table 3. Comparison of Cosine and Softmax Probabilities for Figure 10

Description Cosine Softmax Probability
A car accident on a road 0.2811 0.1524
A car accident involving multiple vehicles 0.2806 0.0617
A motorcycle accident involving multiple vehicles 0.2935 0.0725
A damaged vehicle after a collision 0.2436 0.0002
An overturned car on the highway 0.2544 0.0143
A car was hit by a truck 0.2642 0.1214
A car was crushed by rocks 0.2561 0.0149
The car crashed into a pedestrian crossing 0.263 0.5484
The car hit the road divider 0.2535 0.0009
The truck skidded on the road 0.2178 0.0013

For example, Table 3 shows the results of the cosine similarity and softmax probability
calculations for Figure 10. The description "The car crashed into a pedestrian crossing" has the
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highest probability (0.5484), indicating that the image is most compatible with this description
in the context of an accident. Conversely, other descriptions, such as "A damaged vehicle after
a collision", have lower scores in both cosine similarity (0.2436) and probability (0.0002),
indicating a lower compatibility with the image.

As another example, Table 4 shows the results of the cosine similarity and softmax probability
calculations for Figure 11. The description "A car was driving on the road safely" has the highest
probability (0.6219), indicating that the image is most compatible with this description in a non-
accident context. Conversely, other descriptions, such as "A mountain landscape with no traffic",
have lower scores in both cosine similarity (0.1604) and softmax probability (0.0001), indicating
a lower compatibility with the image.

Figure 10. Accident Data

Table 4. Comparison of Cosine and Softmax Probabilities for Figure 10

Description Cosine Softmax Probability

A calm street with clear traffic 0.218 0.0241
A mountain landscape with no traffic 0.1604 0.0001
A busy street with no accidents 0.2406 0.2307
Street view after rain with no accidents 0.2197 0.0285
A car parked on the side of the road 0.2262 0.0547
A car was driving on the road safely 0.2505 0.6219
Many cars parked on the side of the road  0.2231 0.04
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Figure 11. Non-Accident Data

After calculating the similarity score and softmax probability, the description with the highest
probability is considered the most suitable to represent the image. The final result of this process
is stored in CSV format with three columns: image path, Best Description, and Highest
Probability. This allows for further evaluation and analysis of the image category detection
results based on the given description.

Table 5. CLIP Vit Base Patch32 Model Accuracy Value

No. Top Accuracy (%)
1 Topl 32.00
2 Top5 95.86

The evaluation results of the CLIP model with a zero-shot classification approach in Table 5
show that the Top-1 accuracy reaches 32.00%, while the Top-5 accuracy reaches 95.86%. Top-
1 accuracy reflects how often the model's top prediction matches the actual label; in this case,
the model still struggles to select the correct prediction as the main answer. Meanwhile, Top-5
accuracy indicates that in most cases (almost all), the actual label appears among the top 5
predictions given by the model. This indicates that the CLIP model is quite good at
understanding the relationship between text and images in general.

IV. CONCLUSION

The image processing process for classifying "Accident" and "Non-Accident" uses a CLIP-
based model approach. After going through preprocessing stages, such as resizing and
normalizing image data, the results show that the CLIP ViT base patch 32 model can achieve a
Top 1 accuracy of 32% and a Top 5 accuracy of 95.86%. Although the Top 1 accuracy still
requires further optimization, the Top 5 results indicate that the model can consistently include
the correct answer within the top five predictions.

In the next research, it is recommended to optimize the dataset or fine-tune the model to improve
accuracy. Then, adding more data from various accident detections can also improve the model's
generalization for real-world applications. In addition, it is also possible to combine several
other methods to achieve better results.
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