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Abstract: Each year, more than 1 million people die due to traffic accidents, and one-third 

of these lives could be saved by reducing medical response time. Multi-Modal Deep 

Learning (MMDL) has emerged in recent years as a powerful tool that integrates different 

types of data to enhance decision-making capabilities in models. Additionally, Vision 

Transformers (ViT) are a Deep Learning approach for processing images and videos that 

has shown promising results in various fields of knowledge. In this project, we propose a 

ViT-based architecture for binary classification of traffic accidents using data from multiple 

sources, such as environmental data and images. The integration of an MMDL approach 

based on ViT can improve the model's accuracy in classifying accidents and non-accidents. 

This project explores a MMDL approach integrating ViT for traffic accident monitoring in 

the context of smart cities, achieving a recall of 91%, which evidences a high robustness of 

the model in identifying positive cases. However, the scarcity of multimodal data represents 

a major challenge for training these types of models. 

 

Keywords: Multimodal, Deep Learning, Vision Transformers, Traffic Accident. 

 

Resumen: Cada año, más de un millón de personas mueren debido a accidentes de tráfico, 

y un tercio de estas vidas podrían salvarse reduciendo el tiempo de respuesta médica. El 

aprendizaje profundo multimodal (MMDL) ha surgido en los últimos años como una 

poderosa herramienta que integra diferentes tipos de datos para mejorar las capacidades de 

toma de decisiones en los modelos. Además, los Transformadores Visuales (ViT) son un 

enfoque de aprendizaje profundo para procesar imágenes y videos que ha mostrado 

resultados prometedores en varias áreas del conocimiento. En este proyecto, proponemos 

una arquitectura basada en ViT para la clasificación binaria de accidentes de tráfico 

utilizando datos de múltiples fuentes, como datos ambientales e imágenes. La integración 

de un enfoque MMDL basado en ViT puede mejorar la precisión del modelo en la 

clasificación de accidentes y no accidentes. Este proyecto explora un enfoque MMDL 
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integrando ViT para la monitorización de accidentes de tráfico en el contexto de las 

ciudades inteligentes, logrando un recall del 91%, lo que evidencia una alta robustez del 

modelo en la identificación de casos positivos. Sin embargo, la escasez de datos 

multimodales representa un gran desafío para el entrenamiento de este tipo de modelos. 

 

Palabras clave: Multimodal, Aprendizaje profundo, Transformadores visuales, Accidentes 

de Tránsito. 

 

1. INTRODUCTION 

 

According to the World Health Organization (OMS) 

[1], each year, approximately 1.19 million people die 

worldwide due to traffic-related collisions. 

Additionally, 20 to 50 million people suffer non-

fatal injuries, often leading to long-term disabilities. 

Traffic accidents are the leading cause of death 

among individuals aged 5 to 29 and the eighth 

leading cause of death across all age groups. This 

situation has worsened in countries like Colombia, 

where traffic accidents are the second leading cause 

of violent deaths, with the number of fatalities 

increasing each year [2]. Although 60% of vehicles 

are concentrated in middle- and low-income 

countries, 92% of traffic-related fatalities occur in 

these regions. These accidents also result in 

economic losses for individuals, families, and 

nations as a whole. Additionally, there is a 

significant weakness in the timely response 

following collisions—delays in detecting the need 

for assistance and in providing aid increase the 

severity of injuries. In emergency response to these 

accidents, reaction time plays a vital role: just a few 

minutes of delay can determine whether a person 

lives or dies, a 10-minute reduction in medical 

response time is statistically associated with a one-

third decrease in the probability of deaths on the road 

[3].   

 

On the other hand, data fusion refers to the 

integration of data from different sources or 

modalities to obtain multiple perspectives on a 

common phenomenon and address a specific 

problem. These modalities are complementary, as 

they provide information from different viewpoints 

of the phenomenon. The objective of these fusion 

strategies is to leverage the complementarity, 

redundancy, and cooperative characteristics among 

different modalities. Recently, these Multi-Modal 

Machine Learning (MMML) approaches have been 

increasingly studied and applied across various 

fields [4]-[9].  

 

Deep Learning models have not only demonstrated 

significant technological advancements but have 

also expanded into applications of MMDL. Today, 

these methods are at the forefront of innovation, 

addressing complex challenges in fields such as 

audio-visual speech recognition and multimedia 

content retrieval for health analysis and social 

interaction studies. 

 

An MMDL approach presents several challenges, 

including representation, translation, alignment, 

fusion, and co-learning when learning from two or 

more modalities [10], [11]. MMDL models combine 

heterogeneous data from multiple sources, enabling 

more accurate predictions. However, the accuracy 

and flexibility of these systems are not optimal due 

to the insufficient amount of labeled data. [12]. 

Moreover, this multimodal approach has been 

researched since the 1970s and has been categorized 

into four distinct eras: the Behavioral Era (1970s to 

1980), the Computational Era (late 1980s to 2000), 

the Interactional Era (2000 to 2010), and the Deep 

Learning Era (from 2010 to the present). Likewise, 

MMDL has been applied to various fields such as 

understanding human multimodal behaviors during 

social interaction, multimodal emotion recognition 

[13], [14], Visual Question-Answering (VQA) [15], 

audio-visual speech recognition (AVSR) [16], image 

and video captioning [17], [18], multimedia content 

indexing and retrieval [19]-[21], and health analysis 

[22].  

 

There are three types of fusion in MMDL: Early 

Fusion, where all modalities are combined in the 

initial stage, and the model learns from these 

combined modalities; Middle Fusion, where 

modalities are transformed into a common space 

instead of merely being concatenated—this type of 

fusion is applied in filtering projects such as 

recommendation systems; and Late Fusion, where 

the modalities are learned independently by the 

model and then combined before making a final 

decision—this approach is important when one 

modality is dominant [23]. See Fig 1. 

 

The objective of this study is to design a multimodal 

architecture based on Deep Learning for binary 

classification of traffic accidents, which has 

traditionally been applied only to videos or input 

images. The project's hypothesis is that integrating 

multimodal resources such as tabular data and 

images could significantly improve the accuracy of 
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traffic accident classification. Additionally, Vision 

Transformers (ViT) are used to leverage the 

potential of visual data. This project demonstrates 

outstanding results for binary classification of 

accidents and non-accidents, achieving a recall 

above 90%. On the other hand, the scarcity of 

multimodal data remains a current challenge for 

training these models. Techniques such as Transfer 

Learning and data augmentation help mitigate this 

issue, enabling the model to generalize more 

effectively. 

 

This article is organized as follows: Section 2 

reviews the related work conducted in this area. 

Section 3 outlines the proposed methodology used to 

define the architecture of the deep neural network for 

traffic accident detection. Section 4 presents the 

experimental results and the process for determining 

the hyperparameters of the proposed model. Section 

5 provides a discussion on bias, generalizability, and 

key ethical considerations. Lastly, Section 6 

summarizes the main conclusions and outlines 

directions for future research. 

 

2. PREVIOUS WORKS 

 

MMDL has been widely explored in diverse 

applications, demonstrating its adaptability and 

potential to enhance model performance by 

effectively integrating information from multiple 

data modalities. This versatility allows for a more 

comprehensive understanding of complex scenarios, 

as it leverages complementary features from 

different sources. In [12], they present a taxonomy 

to identify the most relevant methods and their areas 

of application: Multimodal Image Description [24], 

[25]-[31], Multimodal Video Description [32]-[45] , 

Multimodal Visual Question Answering [46]-[57], 

Multimodal Speech Synthesis [58]-[75] and other 

MMDL applications. 

 

Additionally, different fields incorporate 

multimodal data in their problems, such as clinical 

applications (text, speech, images and videos) [76]-

[91]; Remote Sensing Data Fusion (Panchromatic 

[92]-[96], Multispectral [97]-[99], Hyperspectral 

[100]-[101], Light Detection and Ranging [92], 

[102], [103], Synthetic Aperture Radar [104]-[109], 

infrared, night time light and satellite video data) 

[110]; emotion recognition (text, visual and audio) 

[73]. This highlights the extensive exploration and 

versatility of this method across different areas of 

knowledge, achieving outstanding results in each of 

these fields.  

 

Some projects have focused on Vision Transformers 

(ViT) to address the complexity of image analysis 

and processing. Xu et al [111] drove the foundations 

of ViT design and its application in various high- and 

low-level vision tasks, such as image generation and 

multimodal learning. This work preserves the ability 

of these models to capture and represent long-term 

information, highlighting their performance across 

different types of tasks. In [112], a comprehensive 

review of ViT was conducted, focusing on 

fundamental computer vision tasks, highlighting 

significant improvements in benchmarks compared 

to traditional Convolutional Neural Networks 

(CNNs). ViT has also been used in a multimodal 

context [113], this study primarily proposes methods 

to reduce the computational complexity and the 

number of model parameters. In [114], A 

hierarchical variant of ViT is proposed to improve 

computational efficiency by clustering visual tokens, 

which also positively impacts the model’s scalability 

across different dimensions, including depth, width, 

 
Fig. 1. In multimodal problems, there are three types of fusion: a) Early fusion, which combines the modalities at the beginning into a 

single vector; b) Intermediate fusion, which learns representations of these modalities before merging them so the model can learn from 
them together; and c) Late fusion, which combines the predictions made by each model for their corresponding modalities. 

Source: adapted from [7]. 
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and resolution. In [115], The limitations of 

conditional position encodings are addressed by 

introducing an adaptively managed scheme for 

variable-length input sequences, enhancing the 

flexibility of these models. Fang, J [116], an 

innovative architecture was proposed, integrating 

specialized tokens for local spatial information 

exchange between regions of an image. This helps 

reduce computational demands while enhancing 

performance in critical areas such as image 

classification and object detection. Based on the 

above, the image representation is redefined through 

tokens focused on ViT to delineate semantic 

relationships, ultimately leading to a significant 

improvement in the proposed classification and 

semantic segmentation in [117]. Likewise, the 

development of visualization and interpretation 

methods has peeled back the layers on the 

operational intricacies of Vision Transformers [118], 

providing important insights into the decision-

making process [119]. Considering the above, these 

contributions help improve the classification of 

models with ViT by enhancing their performance, 

efficiency, versatility, and interpretability in Vision 

Transformers. 

 

In [120], a Deep Learning architecture based on 

Conv-LSTM was used for the automatic detection of 

traffic accidents with a based on road videos dataset. 

On the other hand, a Deep Learning model using 

CNN, LSTM, and AE based on multimodal sensors 

for accident detection was proposed in [121]. 

Additionally, a model based on pretrained LLM and 

VLM was found for the automatic detection of 

traffic accidents [122]. 

 

Multimodal approaches have been identified in 

various fields, increasing model accuracy. 

Additionally, ViT has been used to solve different 

vision problems, enhancing performance, versatility, 

and interpretability. Specifically, in vehicular 

accident detection, several Deep Learning and 

multimodal network-based approaches have been 

implemented. 

 

3. METHODOLOGY 

 

The methodology for this binary classification 

project using Multimodal Deep Learning ViT is 

divided into five stages: Modalities (selection of 

input variables), Architecture Design, 

Preprocessing, Implementation, and Evaluation (see 

Fig 2). 

 

 

 
Fig. 2. Methodology for binary classification project using 

Multimodal Deep Learning ViT. 

Source: own elaboration. 

 

3.1. Modalities 

 

In this section, the dataset is presented along with the 

input modalities or variables used in the binary 

classification system for vehicle accident detection, 

which will be useful for the proposed architecture 

based on section 2 results (Previous Works).  

 

Roadway image provides critical real-time visual 

information for accident detection on the road, 

including traffic conditions, signage, driver 

behavior, potential accidents, and more. On the other 

hand, Tabular Traffic Data supplies information 

related to a traffic accident regarding road 

conditions, such as average speed, vehicle density, 

and other metrics. Additionally, Weather Data 

provides real-time information about weather 

conditions that could impact the roadway, such as 

rain, fog, snow, and other factors. The importance 

and improvement in architecture of each modality is 

presented in Table 1. To collect images of 

accidents/non-accidents, the Web Scraping 

technique was used to extract images from Google 

using Equation (1). Then, this dataset was curated by 

selecting images of acceptable quality. 

 
Search Equation = "((accident OR incident OR 
collision OR crash) AND (traffic OR vehicle OR 

automobile)) OR ((traffic) AND (vehicle or 

automobile))" 

(1) 

 

3.2. Architecture Design 

 

The architecture design was based on an 

intermediate fusion architecture (see Fig 1), 

incorporating the modalities mentioned in Section 

3.1. Each modality was processed individually 

before being fused. ViT was used for image 

processing to enhance the network's decision-

making, while tabular data was preprocessed using a 

(Multi-Layer Perceptron) MLP. 

 

3.3. Preprocessing 

 

In the preprocessing stage, min-max normalization 

was applied to each input using Equation (2), where 

X represents the input variable, and min(I) and 

max(I) are its minimum and maximum values, 

respectively: 
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𝑋′ =
𝑋−𝑚𝑖𝑛(𝑋)

𝑚𝑎𝑥(𝑋)−𝑚𝑖𝑛(𝑋)
 (2) 

 

Due to the scarcity of data, data augmentation 

techniques were used to improve the network's 

performance and generalize from the training dataset 

to unseen data. Another advantage is that data 

augmentation helps reduce overfitting and enhances 

the model's robustness.   

 

Table 1. Resume of the features and its modalities with its importance and impact in the architecture. 
 

Data Modality Importance Type of modality Improvement in Architecture 

Roadway Image 

Provides critical visual information on traffic 

conditions, driver behaviors, and potential 

incidents. Essential for identifying movement 
patterns, obstructions, and accident 

dynamics. 

Visual 

Facilitates real-time analysis of 

the road environment, allowing 
early detection of anomalous or 

hazardous conditions through 

image processing and computer 
vision. 

Traffic Tabular 

Data 

Offers a quantitative view of traffic state, 

including average speeds, vehicle densities, 

and other relevant metrics. Essential for 

understanding overall traffic conditions and 

identifying deviations from normal patterns. 

Tabular 

Enables the architecture to 

correlate traffic conditions with 

the likelihood of incidents, 
enhancing prediction accuracy. 

Weather Data 

Significantly affects road safety. Integration 

of this data helps contextualize visual and 
tabular observations. 

Tabular 

Provides additional context for 

interpreting visual and tabular 

data, al-lowing for adjustments in 
accident detection based on 

weather conditions. 

Source: own elaboration. 

 

In this project, geometric transformations were 

applied to images, and the Synthetic Minority Over-

Sampling Technique (SMOTE) was used for tabular 

data. 

 

3.4. Implementation 

 

The model was improved through experimentation 

by adjusting the following hyperparameters: Batch 

size, Learning rate, Optimizer, Weight decay, 

Number of epochs, Patch size (ViT), Number of 

heads (ViT), Number of transformer layers (ViT), 

Dropout rate, and Activation function. Note that the 

hyperparameters labeled with (ViT) apply only to 

the image processing layers using Transformers. 

Additionally, the project was primarily developed 

using the libraries NumPy, PyTorch and Torchvision 

for data processing and model training. 

 

3.5. Evaluation 

 

The model evaluation was based on three metrics: 

Accuracy, which measures the proportion of correct 

predictions over the total number of predictions (see 

Equation 3); Recall, which measures the proportion 

of correctly identified positive cases by the model 

(see Equation 4); and F1-Score, which calculates the 

harmonic mean of precision and recall, providing a 

balance between the two metrics. This is especially 

useful when a trade-off between precision and recall 

is needed (see Equation 5). Additionally, the Cross-

Validation technique was used to address data 

scarcity, overfitting, and poor generalization of the 

model. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (3) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 = 
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (4) 

 

𝐹1_𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (5) 

 

4. RESULTS 

 

4.1. Modalities 

 

In this section, the results of each stage of the 

methodology are presented: Modalities, 

Architecture Design, Preprocessing, 

Implementation, and Evaluation (see Section 3). 

 

Based on Table 1, Web Scraping was used to extract 

images from the Internet using search Equation (1). 

After cleaning the dataset, 635 accident images and 

663 non-accident images were collected, resulting in 

a total of 1,298 images.  

 

For the synthetic generation of tabular data, we used 

the LLaVA-v1.5-7b model [123]  based on the 

tabular variables from Table 2. The LLaVA model 

was evaluated using images and the prompt from 

Equation (6). These descriptive variables were 

selected because they are directly related to the 

probability of an accident occurring: ‘daytime’, 

‘weather_conditions’, ‘road_condition’, 

‘traffic_volume’, ‘traffic_signs’, ‘road_obstacles’, 
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and ‘lighting_road_condition’. The generated data 

was manually verified by a human. 

 
Table 2. Used Tabular Variables for the Multimodal Accident 

Binary Classification Model. 
 

Variable Categories Type 

‘daytime’ Day = 1, Night = 0 Binary 

‘weather_conditions’ 
Clear = 0, Cloudy = 1,  
Rain = 2, Snow = 3,  

Fog = 4, Other = 5 

Nominal, 

One-hot 

‘road_conditions’ 

Dry = 0, Wet = 1, Frozen = 
2, Water accumulation = 3,  

Snow accumulation = 4 

Nominal, 

One-hot 

‘traffic_volume’ 
Low = 0, Moderate = 1, 
High = 2 

Ordinal 

‘traffic_signs’ Visible = 1, Not visible = 0 Binary 

‘road_obstacles’ 
None = 0, Debris = 1, 
Animals = 2 

Nominal, 
One-hot 

'lighting_road_condit

ion' 

Adequate = 1, Unsuitable = 

0, Visible defects on the 
road = 2 

Ordinal 

Source: own elaboration. 

 
𝑃𝑟𝑜𝑚𝑝𝑡 = "𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑒𝑠𝑡ℎ𝑒𝑖𝑚𝑎𝑔𝑒𝑎𝑛𝑑𝑎𝑠𝑠𝑖𝑔𝑛𝑠𝑡ℎ𝑒𝑖𝑛𝑡𝑒𝑔𝑒𝑟 
𝑣𝑎𝑙𝑢𝑒𝑐𝑜𝑟𝑟𝑒𝑠𝑝𝑜𝑛𝑑𝑖𝑛𝑔𝑡𝑜𝑒𝑎𝑐ℎ𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐𝑎𝑐𝑐𝑜𝑟𝑑𝑖𝑛𝑔𝑡𝑜𝑡ℎ𝑒 

𝑝𝑟𝑒𝑠𝑒𝑛𝑡𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑠. " 

 (6) 

 

4.2. Architecture Design 

 

The architecture was designed with the goal of 

creating a model that classifies whether an accident 

has occurred based on an image and its metadata 

(tabular data: daytime, weather conditions, road 

condition, traffic volume, traffic signs, road 

obstacles, and road lighting condition). These 

modalities are explained in Section 3.1.  

 

The architecture is based on an intermediate fusion 

approach, where each modality (road images and 

tabular data) is processed and learned by the model 

individually. Then, they are fused through an 

embedding, and the network learns from this fused 

data using an MLP-based layer to make a decision 

(accident or no accident). See Fig 3. 

 

The road images are processed through a Patch 

Extraction layer and transformed into a semantic 

space using Patch Embedding. They are then 

processed by Transformer layers, where each layer 

consists of two normalization layers, a Multihead 

Attention mechanism, and an MLP. These features 

are then fused with the tabular data to fully exploit 

the characteristics of the image, as it is the most 

semantically important modality for accident 

detection. On the other hand, the tabular data is 

processed by a two-dimensional MLP before being 

fused with the road images. These data are 

concatenated and passed through a fused 

embedding, allowing the network to learn from the 

combined data using an MLP. 

 

4.3. Preprocessing 

 

At this stage, normalization was first applied to all 

input modalities, as defined in Section 3.3. 

Additionally, all images were resized to a width of 

224 and a height of 224. Due to data scarcity, data 

augmentation was performed to increase dataset 

variability and improve the model’s generalization. 

 
 

Fig. 3. Architecture Design for a binary classification model based on Multimodal Deep Learning ViT. 
Source: own elaboration. 
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Data augmentation was applied separately to each 

modality (images and tabular data). Three types of 

geometric transformations were applied to the 

images: Random Horizontal Flip, Random Rotation 

(with a maximum rotation angle of 15 degrees), and 

color filters (brightness = 0.2, contrast = 0.2, 

saturation = 0.2), each with an independent 

probability of 50%. See Table 3 for a summary of 

the geometric transformations. For tabular data, the 

SMOTE technique was used to generate the same 

amount of augmented data as in the images. 

 
Table 3. Summary of Geometric Transformations for Data 

Augmentation in Road Images. 

 

Transformation Value Probability 

Random Horizontal Flip  50% 

Random Rotation 15° 50% 

Brightness 0.2 50% 
Contrast 0.2 50% 

Saturation 0.2 50% 

Source: own elaboration. 

 

4.4. Implementation 

 

After data collection, architecture design, and data 

preprocessing (see Sections 4.1, 4.2, 4.3), the multi-

modal architecture based on ViT is implemented. 

The hyperparameters used in the model were 

determined after several iterations. Table 4 presents 

the final hyperparameters; although there is a wide 

variety of possible parameters, only those 

considered most relevant to this problem are listed 

here: Batch size, Learning rate, Optimizer, Weight 

Decay, Patch Size, Dimensionality of the 

Transformer Encoder, Number of heads, Number of 

transformer layers, Dropout rate, and Activation 

Function. It is important to highlight that these 

hyperparameters depend on the amount of data, 

computational power, and modalities used to train 

the model. 

 

4.5. Evaluation 

 

The model was trained and evaluated using an 80% 

train and 20% validation data, using 20 epochs in the 

training. Additionally, the K-Folds technique was 

applied, with K set to 5. The model was assessed 

using the three metrics presented in Section 3.5 (Ac-

curacy, F1-Score, and Recall). In the Table 5, it 

presents the average results of these metrics. 

 

 

 

 

 

 

Table 4. Hyperparameters configurations for the Multi-Modal 

Deep Learning ViT Accident Binary Classification Model. 

 

Hyperparameter Value Note 

Batch size 32 

Depending on the 

computational resources 

and GPU memory. 

Learning rate 1e-4 

It can be improved using 

a learning rate scheduler 

de-crease the rate over 
time. 

Optimizer AdamW 

AdamW is commonly 

used with transformers 
due to its handling of 

weight decay. 

Weight decay 0.01 
Regularization to prevent 
overfitting. 

Patch size (Video) 32x32 

Depending on the 

computational resources 
and GPU memory. 

Dimensionality of 

the Transformer 
Encoder (d_model) 

768 
Depending of the data 

amout. 

Number of heads 8 

Number of attention 

heads in the transformer 
(it should be divisible by 

d_model). 

Number of 
transformer layers 

8 

It can be adjusted; more 
layers capture more 

complex patterns but 

increase computational 
demand. 

Dropout rate 0.1 

It helps with 

regularization (adjust 
based on the level of 

overfitting observed). 

Activation function 
RELU or 

GELU 

GELU is often used in 
transformer models, but 

RELU is a good 

alternative. 

Source: own elaboration. 

 

The loss values start at 0.3868 for training and 

0.0766 for validation, ending at 0.054077 ± 

0.001109 and 0.052353 ± 0.002453, respectively. 

On the other hand, the average Accuracy metric, 

which measures the number of correctly classified 

cases, shows very similar values for each data split, 

approximately 75% for training and 78% for 

validation. Likewise, the average F1-Score ranges 

between 78% for training and 80% for validation. 

Finally, it is important to highlight that the average 

Recall metric reaches 93% for training and 91% for 

validation. This last metric is crucial, as it 

emphasizes the identification of positive cases, 

considering that early detection could save a life or 

prevent an injury from worsening.  

 

The small gap between the metric values indicates 

the absence of overfitting to the training data 

compared to the validation data. The use of the K-

Folds technique helped mitigate issues related to 

data splitting and overfitting to the training set. 
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Table 5. Average metrics values of the last epoch during K 

Folds divided by train and validation data. 

 

Metric Train Val 

Avg. Loss 0.054077 ± 0.001109 0.052353 ± 0.002453 

Avg Accuracy 0.759538 ± 0.009293 0.785385 ± 0.019822 

Avg. F1-Score 0.788745 ± 0.006164 0.804784 ± 0.013133 
Avg. Recall 0.931600 ± 0.003878 0.918400 ± 0.019200 

Source: own elaboration. 

 

5. DISCUSSION 

 

Multimodal approaches enhance model performance 

by leveraging different scene features. Additionally, 

incorporating ViT layers improves accuracy. 

However, the lack of multimodal data in accident 

classification and other scenarios remains a 

challenge. While data synthesis helps mitigate this 

issue, it relies on the primary modality, which could 

introduce bias into the model.  

 

On the other hand, processing more data for each 

involved modality requires greater computational 

power, making processing capacity one of the main 

limitations. However, using pre-trained networks 

could help mitigate issues related to the lack of a 

substantial data volume and reduce training time.  

 

The use of multimodal projects is increasingly 

growing. However, a significant challenge remains 

due to the lack of available multimodal data. It is 

expected that this issue will be mitigated in the 

coming years as more data becomes available. 

 

6. CONCLUSIONS 

 

The exploration of multimodal approaches in Deep 

Learning highlights their re-markable evolution, 

versatility, and potential impact across a wide range 

of domains from healthcare to social monitoring 

environments. This progression has spanned from 

early conceptual frameworks to the current use of 

Deep Learning techniques. Notably, Vision 

Transformers (ViT) have demonstrated outstanding 

performance in various types of implementations. 

  

Our architectural design for binary classification of 

traffic accidents employs intermediate fusion, which 

allows the features from each modality to be 

individually processed before being combined for 

decision-making. Data fusion plays a crucial role in 

the network’s performance, making its selection 

essential and highly dependent on the specific 

problem. Previous studies highlight the wide range 

of architectures and methods used in multimodal 

designs, suggesting that there is no one-size-fits-all 

framework suitable for every application.  

 

The model demonstrated solid performance despite 

the limited amount of data and the absence of 

additional modalities. Increasing the volume of data 

during acquisition and incorporating more 

modalities could enhance the network’s 

performance in future work. Additionally, strategies 

such as Transfer Learning could contribute to 

making the model more robust. 
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