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A major challenge in the development of object detection technology is the significant reliance 

on large labeled datasets, which requires substantial time and memory for manual annotation—

especially in complex, mixed traffic environments with varied vehicle types, congestion levels, 

and unpredictable motion patterns. This study addresses this issue by integrating the semi-

supervised learning technique, FixMatch, into the YOLOv7 object detection model, utilizing 

4000 transportation-related datasets. The FixMatch technique enables the model to detect 

unlabeled objects effectively through strong and weak augmentation methods. In this study, the 

detected objects in the mixed traffic environment include public transportation, pedicabs, cars, 

motorcycles, and trucks. This study achieved an impressive 97.5% detection accuracy by 

leveraging unlabeled data, demonstrating the model's efficiency and effectiveness in identifying 

vehicles under diverse traffic conditions. Consequently, integrating the FixMatch method into 

YOLOv7 provides a practical and efficient solution for object detection in situations where 

collecting labeled data is challenging, such as in dynamic and highly variable traffic 

environments. 
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INTRODUCTION 

Object detection is identifying and locating a specific object in an 

image or video. The main focus of object detection is to recognize 

the presence and position of the object and provide a bounding 

box to delimit the object [1]. As technology evolves, object 

detection has made significant progress with various methods and 

algorithms, such as Region-based Convolutional Neural Network 

(R-CNN) [3], Fast Region-based Convolutional Neural Network 

(Fast R-CNN) [4], Faster Region-based Convolutional Neural 

Network (Faster R-CNN) [5], Region-based Fully Convolutional 

Network (RFCN) [6], and You Only Look Once (YOLO) [7]. 

These models have shown improved accuracy in various case 

studies. However, traditional object detection models still face 

significant limitations in complex mixed-traffic environments. 

Conditions such as variations in vehicle type, size, speed, and the 

potential for occlusion between objects are challenges that need 

to be overcome to keep detection accuracy high.   

 

The reliability of the detection model is also highly dependent on 

the availability of a large amount of labeled image data that must 

be accurately labeled, a time- and resource-consuming process 

[8]. We have to annotate each image before it is fed into the 

detection model for training data. One of the objects detected 

using this model is vehicles, such as cars, motorcycles, public 

transportation, tricycles, and trucks. Unlabeled data must go 

through a manual labeling stage before it is used as training data. 

In previous studies, difficulties have also arisen in detecting 

overlapping objects and the large memory requirements for 

processing such large-scale data [9]-[13]. 

 

To solve the challenge, this research aims to reduce the 

dependency on manual labeling by adopting a semi-supervised 

learning approach that utilizes pseudo-labeling and consistency 

regularization techniques applied to the FixMatch method [14], 

[15]. FixMatch offers an efficient solution by using unlabeled 

data through the concept of pseudo-labeling combined with the 

principle of consistency, thus enabling optimal use of unlabeled 

data in detection model training. As such, FixMatch can be an 

appropriate approach to object detection in mixed traffic 

environments where manual labeling is complex, offering a 

balance between detection efficiency and accuracy. 

 

This research significantly contributes to vehicle detection in 

mixed-traffic environments using the Yolov7 method alongside 

FixMatch. One of the key advancements is combining the Yolov7 

approach with unlabeled data to detect vehicles in these complex 

settings effectively. Additionally, we apply the FixMatch method, 

which enhances model performance by predicting labels on the 
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vehicles in mixed-traffic situations, again leveraging the potential 

of unlabeled data. Together, these strategies represent a 

noteworthy enhancement in vehicle detection. 

METHODS 

The hardware used for this research is a laptop and camera with 

Windows 11 Home Single Language 64-bit specifications (10.0, 

Build 22621) (22621.ni_release.220506-1250) and 1080p 

resolution, frame rate 30 fps, night vision feature. Visual Studio 

code, Anaconda Navigator, and app. label box are supporting 

software for building models. 

Research Methodology 

This research was carried out in steps that included several stages 

to maximize the results, as shown in Figure 1. The first stage is 

collecting data from previous research [16][17]. We also did a 

literature study by studying and deepening the research topic from 

books and previous research references [18]. Then, the dataset 

was preprocessed by resizing to match the model requirement. 

Furthermore, the dataset is trained on the vehicle detection and 

FixMatch methods. Next is the testing stage. The program that 

has been designed is then made for the testing stage using the 

vehicle detection method and FixMatch. Suppose the test results 

are still far from the expected results. In that case, the algorithm 

needs to be improved so that the results of the vehicle detection 

program match the expected accuracy, the analysis stage is 

performed, and finally, the results of testing the vehicle detection 

method are explained by combining the FixMatch method [19]. 

 

Figure 1. Research Flow 

Split Dataset 

The dataset used in this study was obtained from previous 

research called MXT-Dataset [18, 19]. The dataset consists of 

4000 frames that were acquired in a mixed-traffic environment. 

The total number of object in the dataset are 28348 objects. The 

dataset-splitting process is an essential step in this research to 

ensure the quality and representation of the data used in training 

the vehicle detection model, as shown in Figure 2. After the data 

is collected and annotated, the dataset is divided into training, 

validation, and testing sets. The training set covers about 80% of 

the total dataset. It trains the YOLOv7 and FixMatch models, 

with random sorting ensuring variation in vehicle types, traffic 

conditions, and image capture times. 

 

The validation set, which includes about 10% of the dataset, is 

used to monitor model performance during training and perform 

hyperparameter tuning, helping to detect issues such as 

overfitting and underfitting. The test set, also covering about 10% 

of the dataset, was used to evaluate the final performance of the 

model on new data that was utterly unseen during training and 

validation. Disaggregation of the dataset was done using stratified 

sampling techniques to maintain a balanced proportion of 

different vehicle types and traffic conditions, reduce bias, and 

ensure consistent representation within each set. 

 

Figure 2. Data split flow 

The data was collected via high-resolution cameras placed at 

several locations with mixed traffic characteristics at various 

times of day and night to capture multiple traffic conditions, as 

shown in Figure 3, including bright daytime conditions, nighttime 

with low lighting, and severe environmental conditions. Manual 

annotation was performed on each captured video frame, 

accurately labeling each vehicle to train the model with the 

correct data. Once labeled, the dataset was randomly but 

proportionally split to ensure each set represents the same traffic 

conditions. When applied to data that has never been seen, the 

resulting model has good generalization capabilities. 

 

This dataset is divided into three main parts, as shown in Table 1. 

This dataset is truncated to ensure that the focal area is analyzed. 

The vehicle is in an optimal position within each frame. The 

cropping is done by separating the main object from the 

background or irrelevant elements so that the data used in model 

training is cleaner and of higher quality. This step also aims to 

reduce noise from areas outside the relevant objects. 

 

The dataset used in this study consists of several categories after 

object separation in the image. Then, the dataset is labeled as 50% 

of the 28,348 objects. Thus, the total dataset used in this study is 

28,348 objects. The division of this dataset is done to ensure that 

the model developed can be appropriately tested and produce 

accurate and reliable results. Proper division between training 

data and testing data is essential to avoid overfitting and ensure 

that the model can be generalized well to data that has never been 

seen before. 

 

Table 1. Dataset Split 

Dataset Section Number of Datasets 

Train 3.200 

Test 400 

Validasi 400 

Total 4.000 



YANDRI ZAITA / JURNAL NASIONAL TEKNIK ELEKTRO - VOL. 13 NO. 3  (NOVEMBER 2024) 

 

https://doi.org/10.25077/jnte.v13n3.1250.2024   155 

 

  
Figure 3. Dataset Image Samples from Vehicle (a) daytime  

(b) limited lighting (c) nighttime 

Preprocessing 

The dataset is preprocessed to improve the quality and fit of the 

model. Figure 4 illustrates the process of preprocessing object 

data using augmentation techniques as part of an object detection 

system that utilizes the YOLOv7 model coupled with FixMatch. 

The process starts with unlabeled object data, such as images of 

vehicles or other objects that must be detected. The initial stage 

of this research is augmentation preprocessing. 

 

Figure 4. The Preprocessing Flow 

 

As in Table 2, the data undergoes weak augmentation, where 

minor modifications such as small rotations, scale changes, or 

light lighting adjustments are applied. The purpose of weak 

augmentation is to create a slightly different image without 

changing the primary information of the object, thus assisting the 

model in generating accurate pseudo-labels for unlabeled data. 

Once the pseudo-label is generated, the same data is subjected to 

substantial augmentation, where the image is given more 

significant changes, such as large rotations or more extreme color 

distortions. The resulting data from weak and strong 

augmentation preprocessing is shown in Table 3.  

 

 

 

Table 2. Object Data 

Object Number of Objects 

Car 10.625 

Motor 15.306 

Public Transportation 838 

Pedicab 779 

Truck 800 

Total 28.348 

 

Table 3. Object data after augmentation 

Object Number of Objects 

Label 14.174 

Unlabel 14.174 

Validasi 3.831 

Testing 3.806 

Total 35.985 

 

This step tests the model's ability to produce consistent 

predictions despite drastic changes to the image. The augmented 

data was then fed into the YOLOv7 model combined with 

FixMatch, where the model was trained to produce consistent and 

accurate predictions based on the pseudo-labels and validation 

from the substantial augmentation. This process, ultimately, 

enables more precise and robust object detection in various 

environmental conditions, especially when unlabeled data is 

limited. 

Model Development 

In the YOLOv7 and FixMatch-based vehicle detection systems, 

the process starts by utilizing a pre-processed dataset, as 

described in Table 3. This dataset includes various images or 

video frames containing vehicles, where the data is prepared to 

train the YOLOv7 model with the steps shown in Figure 5. The 

YOLOv7, an advanced object detection model, is tasked with 

detecting vehicles in images or videos by generating bounding 

boxes and labels for each detected vehicle object. The bounding 

box indicates the vehicle's position in the image, while the label 

provides information about the type of vehicle, such as a car, 

truck, or motorcycle. 

 
Figure 5. The proposed model 

 

After YOLOv7 performs the initial detection, the resulting 

output, including the bounding box coordinates and the vehicle 

type label, becomes the input for the FixMatch model. The 

FixMatch model is a semi-supervised learning model designed to 

improve detection accuracy, especially when labeled data is 

limited. In this context, FixMatch uses two types of data: labeled 

data resulting from YOLOv7 and unlabeled data, which may 

come from other images or video frames that have not been fully 

processed. 

 

FixMatch works by combining these two types of data. First, it 

generates predictions from the labeled data provided by YOLOv7 

and then reinforces the training process using the unlabeled data. 
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In this stage, FixMatch performs weak and strong augmentation 

on the unlabeled data to generate pseudo-labels used in the 

training process. The model relies heavily on high-confidence 

predictions from the unlabeled data, and these pseudo-labels help 

improve the overall detection results. 

 

The predictions obtained through FixMatch are then further 

processed to produce the final detection results. These detection 

results include more detailed and accurate information about the 

detected vehicle, including more precise positioning and more 

precise identification of the vehicle type. By combining the 

strengths of YOLOv7 in fast object detection and FixMatch in 

accuracy improvement through semi-supervised learning, the 

system can provide reliable and efficient detection results, even 

in conditions where the availability of labeled data is minimal.  

 

This model is carried out with hyperparameter settings, as shown 

in Table 4. The hyperparameter selection in this study was done 

to achieve a balance between the accuracy and efficiency of the 

model in detecting objects in mixed-traffic environments. 

Computational limitations are a constraint on models such as 

YOLOv7 that require high resources, and the risk of overfitting 

may occur if the dataset is less diverse, reducing the reliability of 

the model in different actual conditions. 

 

Table 4. Hyperparameter 

No. Hyperparameter Specification 

1 Learning Rate 3x10-1, 10-4 

2 Batch Size 64 

3 Epochs 170, 200 

4 Optimizer AdamW 

5 Input image size 96x96 

6 Unlabeled Batch Ratio 1:5 

Model Testing 

At this stage, test data will be used to evaluate the model's 

performance in unlabeled vehicle detection. The evaluation is 

done by measuring precision, recall, and accuracy. Precision 

Recall indicates how many relevant images are retrieved by the 

system. Accuracy reflects how close the model's prediction is to 

the actual value of the pictures not used in the previous stages. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
× 100%    (1) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
× 100%    (2) 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ×  
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙
   (3) 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁
× 100%   (4) 

The interpretation of a confusion matrix is essential for evaluating 

model performance. Key components include True Positives 

(TP), which represent the number of samples accurately classified 

within the actual class. True Negatives (TN) denote the samples 

that are correctly identified as not belonging to the class in 

question. Conversely, False Positives (FP) refer to instances 

where samples that do not belong to the class are incorrectly 

classified as part of it. Lastly, False Negatives (FN) indicate 

samples that are part of the class but have been mistakenly 

classified as not belonging to it. Collectively, these elements 

contribute to a thorough assessment of the model's accuracy and 

effectiveness in image recognition tasks. 

 

Figure 7. Confusion Matrix 

RESULTS AND DISCUSSION 

Augmentation result of unlabeled data 

This research results in vehicle object detection using YOLOv7 

and FixMatch models in a mixed-traffic environment. The 

detection process starts with the processing of vehicle image data 

involving augmentation, both weak and strong augmentation, 

before being trained using the YOLOv7 model. This 

augmentation aims to increase the diversity of the data and assist 

the model in recognizing vehicle objects under various 

conditions. YOLOv7 is used to detect vehicles in images or video 

frames, generating bounding boxes and labels for each detected 

vehicle. 

 

The results from YOLOv7 are then optimized with the FixMatch 

model, which applies semi-supervised learning techniques. 

FixMatch utilizes the predictions from YOLOv7 as pseudo-labels 

for unlabeled data, improving detection accuracy with prediction 

consistency through more muscular augmentation. The model 

considers the probability distribution to compare the prediction 

on the original and augmented images, then uses the high 

similarity value to improve the training process. 

 

In addition, some hyperparameters used in augmentation 

preprocessing include scaling to resize the image to detect objects 

of different sizes easily—rotation in rotating the image to 

accommodate different viewing angles in object detection. Then, 

translation moves the position of objects in the image to introduce 

spatial variations. Shifting parts of the image create mild 

distortions that can improve the model's robustness to object 

shape changes—finally, adjusting the image's brightness to 

enable object detection under diverse lighting conditions. 

 

These augmentation techniques, combined with FixMatch's 

strength in utilizing unlabeled data, allow the YOLOv7 model to 

achieve more accurate detection results, especially in complex 

traffic environments. The final detection result provides more 

detailed information about the position and type of vehicle, as 

shown in the final result image with a bounding box and 

confidence score. 

 

Training Results  

A training stage is carried out so the model can recognize image 

data. The model training stage is carried out at two learning rate 

values, namely 0.3 and 0.0001. The two learning rates are 
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compared to the best learning rate value following the built 

model. The results of the YOLOv7 and Fixmatch model accuracy 

train at a learning rate of 0.3 show a decrease from epoch 60 to 

epoch 180. The results of the YOLOv7 and Fixmatch model 

accuracy train at a learning rate of 0.0001 show a reduction from 

epoch 40 to epoch 60.  

 

Based on the model accuracy train results on the learning shown 

in Figure 8, there are several advantages of training the YOLOv7 

model combined with FixMatch. One of the main advantages is 

the model's ability to achieve high initial accuracy, demonstrating 

its effectiveness in recognizing basic patterns in the data from the 

beginning of training. Although the accuracy dropped in the 

middle of the training process, the model showed signs of 

recovery, as seen by the significant increase in accuracy in the 

final stage of training. This improvement indicates that the model 

has the adaptive ability to improve its performance after facing a 

challenging training phase. In addition, these results also show 

that FixMatch, as a semi-supervised learning method, 

successfully helps the model to make better use of unlabeled data, 

especially in the latter stages of training. 

The model was then validated with learning rates of 0.3 and 

0.0001, and the results are shown in Figure 9. It can be seen that 

this validation accuracy graph highlights several advantages of 

the YOLOv7 model combined with FixMatch. One of the main 

advantages is its ability to achieve and maintain high accuracy 

throughout most of the training process. As shown in Figure 9, 

the validation accuracy value of the model with a learning rate of 

0.3 reaches 98% after about 60 epochs. It demonstrates the 

model's effectiveness in consistently understanding and learning 

the data. Despite a dip at the end of the training, the accuracy 

value remains high at 94.39%. Meanwhile, the model accuracy 

value results with a learning rate 0.0001 reached 97.5% at epoch 

40. 

 

These results show that the model managed to provide 

performance stability after the initial training phase, indicating 

that the model is not only dependent on the training data but also 

able to generalize well to the validation data. This reflects the 

effectiveness of FixMatch in supporting the model in making 

better use of unlabeled data, thereby strengthening the model's 

learning ability during training. 

 

Furthermore, a train loss is performed to determine the model's 

performance on new data and ensure that the model not only 

works well on training data but can also work well on data that 

has never been seen before. This training also uses a learning rate 

of 0.3 and a learning rate of 0.0001, as shown in Figure 10. Figure 

10 shows the train loss result at a learning rate of 0.3, which is 

0.4, and the train loss result at a learning rate of 0.0001, which is 

0.1.  

 

These results show the advantages of the YOLOv7 model when 

combined with FixMatch. One of the main advantages is the 

significant and stable decrease in loss during the early stages of 

training, which indicates that the model effectively and quickly 

understands the patterns in the data. The consistency of the loss 

rate suggests the model's ability to maintain strong performance 

with minimal fluctuations, which indicates efficient data 

utilization and reduced risk of overfitting throughout most of the 

training process. 

Then, the loss model validation results using a learning rate of 

0.3, as shown in Figure 11, show the results reaching 0.1. While 

the loss model validation results using a learning rate of 0.3, as 

shown in Figure 11, show results reaching 0.08. These results 

show that the advantages of the YOLOv7 model with FixMatch, 

especially during the early stages of training, are significant and 

stable loss reduction, reflecting the model's ability to understand 

the data pattern quickly. In addition, between the 60 and 180 

epochs of training using a learning rate of 0.3, the loss remains 

consistently low and stable, indicating that the model can 

maintain optimal performance with slight variation.  

 

This consistency indicates efficient data utilization and a low risk 

of overfitting during most of the training process. Table 5 shows 

the results of the training model comparison on the model training 

of  YOLOv7 and FixMatch models. Based on the training, it 

 
Figure 8. Accuracy of Train Model 

 
Figure 9. YOLOv7 and FixMatch Model Validation Accuracy 

 
Figure 10. Train Loss Model YOLOv7 and FixMatch  
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shows that this model works well in recognizing the vehicle 

dataset at a learning rate of 0.0001 with 97.5% accuracy. 

Table 5. Training result 

 

Final Test 

The YOLOv7 and FixMatch models used in this study 

successfully detect different types of vehicles in mixed-traffic 

environments. Based on the test results, the YOLOv7 Model 

coupled with FixMatch showed excellent performance detecting 

vehicles under various lighting conditions. During the daytime 

(i.e., Figure 12), the model detected almost all vehicles on the 

road with high accuracy, such as cars, motorcycles, and public 

transportation. The resulting detection boxes are clear and non-

overlapping, indicating the model's ability to distinguish objects 

in a well-lit environment effectively.  

 

At night, as shown in Figure 13, despite lower illumination and 

potential interference from vehicle lights, the model could still 

detect various vehicles on the road with high confidence. The 

detection results show little noise or false positives, indicating 

that the model can adapt well to lighting conditions. This 

adaptability is crucial for real-world applications, especially in 

traffic environments with diverse conditions, as shown in Figure 

14. 

System Evaluation 

The last stage of this research is to evaluate the system that has 

been built using a confusion matrix. Figure 15 shows a confusion 

matrix of the detection model generated from this research. This 

confusion matrix includes several main classes from the dataset: 

Car, Motorcycle, Public Transportation, Rickshaw, and Truck. 

This matrix provides information on how the model classifies 

each sample in the test dataset. Figure 15 shows the parameter 

values of the confusion matrix for each data as shown in Table 6. 

Each value is calculated using equation 1 to equation 4 and shows 

the results as in Table 7. 

 

 
Figure 12. YOLOv7 Detection and FixMatch Daytime State (a) 

original (b) detection result 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Learning 

Rate 

Train 

Accuracy 

Validation 

Accuracy 

Train 

Loss 

Validation 

Loss 

0.03 0.31 93.47 % 0.41 0.21 

0.0001 0.04 97.5% 0.1 0.08 

 
Figure 11. Validasi Loss Model YOLOv7 and FixMatch  

 

 
Figure 14. YOLOv7 Detection Opaque State (a) original  

(b) detection result 

 

 
(b) 

Figure 13. YOLOv7 Detection and FixMatch Night State  

(a) original (b) detection result 
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Figure 15. the confusion metrics 

 

Table 6. Evaluation of classification models 

No. Object TP FN TN FP 

1 
Public 

Transportation 
91 33 3.484 15 

2 Pedicab 80 15 3.466 18 

3 Car 1.281 39 3.201 57 

4 Motor 2.143 96 3.088 31 

5 Truck 82 16 3.967 8 

 

Table 7. Performance results 

No. Object Accuracy Presisi Recall 
F1 

Score 

1 
Public 

Transportation 
98,68% 98,68% 98,68% 98,68% 

2 Pedicab 99,08% 99,08% 99,08% 99,08% 

3 Car 97,90% 97,90% 97,90% 97,90% 

4 Motor 97,63% 97,63% 97,63% 97,63% 

5 Truck 99,41% 99,41% 99,41% 99,41% 

 

Table 8. Comparison of Previous Research 

Metode Amount of Data Accuracy 

YOLOv7 [13] 100% data label 
mAP accuracy is 

about 93.7% 

YOLOv8 [20] 100% data label 

The accuracy of 

the mAP50 is 

about 99.1% and 

the mAP50-95-

83.3%  

YOLOv7 + 

FixMatch 

50% data label,   

50% Unlabeled data 
Accuracy 97,5 % 

 

Based on Table 8, YOLOv7 with 100% label data achieved an 

accuracy of about 93.7% [13], while YOLOv8 with complete 

label data had an mAP50 of about 99.1% and mAP50-95 of 

83.3% [20]. However, what is most interesting is that using 

YOLOv7 with FixMatch, which uses 50% labeled data and 50% 

unlabeled data, still maintains a high accuracy of 97.5%. This 

shows that this approach is very effective in reducing the reliance 

on labeled data while still maintaining good performance and 

saving time regarding annotation. 

CONCLUSIONS 

This study proposed a combination of YOLOv7 and FixMatch to 

detect vehicles in a mixed-traffic environment. Based on the 

results, the YOLOv7 and FixMatch Models proved effective in 

detecting different types of vehicles in mixed-traffic 

environments with high accuracy despite using limited labeled 

datasets. The models maintained consistent performance under 

varying lighting conditions and viewing angles, showing 

potential as a reliable solution for vehicle detection applications. 

For future research, several aspects need attention. Exploration of 

other data augmentation techniques, such as MixUp or CutMix, 

can help improve the robustness of the model. In addition, using 

more diverse and complex datasets from various locations and 

weather conditions will strengthen the robustness testing of the 

model. Given the high computational requirements of the 

YOLOv7 model, future research could focus on developing a 

more lightweight and efficient model without sacrificing 

accuracy, which is essential for real-time applications on 

resource-constrained devices. 
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