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Article Info Abstract 

Object recognition is one of the fundamental applications of computer 

vision and plays an important role in various intelligent systems. This 

study aims to implement and compare the performance of 

Convolutional Neural Network (CNN) and Support Vector Machine 

(SVM) for automatic object recognition using the CIFAR-10 and 

ImageNet (subset) datasets. The novelty of this study lies in providing 

a comprehensive comparative evaluation of CNN and SVM across 

datasets with different levels of image complexity while simultaneously 

analyzing classification performance and computational efficiency 

using multiple evaluation metrics. The CNN model was implemented 

using the PyTorch framework with the Adam optimizer, whereas the 

SVM model employed the Radial Basis Function (RBF) kernel. 

Performance was evaluated using accuracy, precision, recall, F1-

score, confusion matrix, and computational time. Experimental results 

show that CNN consistently outperformed SVM on both datasets. On 

CIFAR-10, CNN achieved an accuracy of 91.8%, compared with 

83.6% for SVM. On the ImageNet subset, CNN obtained an accuracy 

of 79.6%, whereas SVM achieved 65.4%. CNN also demonstrated 

higher precision, recall, and F1-score, indicating superior feature 

extraction and generalization capabilities for complex image 

classification tasks. In contrast, SVM required lower computational 

resources and shorter training time, making it suitable for resource-

constrained environments. These findings demonstrate that CNN is the 

preferred approach for high-accuracy object recognition, while SVM 

remains a practical alternative when computational efficiency is 

prioritized. The results provide practical guidelines for selecting 

appropriate classification methods based on dataset complexity and 

available computational resources. 
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1. Introduction 

The development of Artificial Intelligence (AI) and computer vision has encouraged the application of 

automated object recognition systems in various sectors, such as security, healthcare, manufacturing 

industry, autonomous vehicles, and e-commerce[1]. Object recognition systems allow computers to 

automatically identify and calcify objects in images and videos, improving efficiency, accuracy, and speed 

in the decision-making process. This capability makes the object recognition system one of the essential 

components in the development of intelligent systems that require real-time visual analysis to support 

various applications[2]. 

Various classification algorithms have been developed to improve the performance of object 

recognition systems, including Convolutional Neural Network (CNN) and Support Vector Machine 

(SVM)[3]. CNN is a deep learning algorithm that is able to automatically learn the representation of features 
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through a series of convolutional layers, thus demonstrating high performance in images with complex 

characteristics[4]. In contrast, SVM is an effective machine learning algorithm in classifying high-

dimensional data with a relatively limited number of samples and has lower computational complexity than 

deep learning methods. Therefore, both algorithms are widely used as the main approaches in various object 

recognition studies[5]. 

Although studies have applied or compared CNN and SVM in image classification tasks, most studies 

still focus on using one type of dataset or evaluating only models based on classification accuracy[6]. In 

fact, other evaluation metrics, such as precision, recall, F1-score, confusion matrix, and computational time, 

also play an important role in describing the quality and efficiency of a classification model. In addition, 

there is still limited research evaluating both algorithms on datasets with different levels of complexity, so 

empirical evidence regarding the consistency of CNN and SVM performance in various data characteristics 

is still inadequate[7]. 

The difference in the characteristics of CNN and SVM shows that the selection of algorithms is not 

only determined by the degree of accuracy, but is also influenced by the complexity of the dataset, 

computational efficiency, and implementation needs in real applications[8]. Therefore, the evaluation of 

the two algorithms using datasets with different levels of complexity is necessary to obtain a more 

comprehensive understanding of the advantages, limitations and conditions of application of each method. 

Based on the results of the study, this study conducted a comparative analysis of CNN and SVM 

algorithms using two public datasets that have different characteristics, namely CIFAR-10 and ImageNet 

(subset)[9]. The use of the two datasets aims to evaluate the consistency of the performance of the two 

algorithms at different levels of data complexity while identifying the influence of different data 

characteristics as well as identifying the influence of dataset characteristics on classification results and 

computational efficiency[10]. 

This research provides three main contributions. First, perform a comparative analysis between CNN 

and SVM on two data sets with different levels of complexity[11]. Second, evaluating the performance of 

the two algorithms using various performance metrics, including accuracy, precision, recall, F1 score, 

matrix confusion and computational time, resulting in a more comprehensive evaluation compared to 

research that used only one evaluation metric[12]. Third, to provide recommendations on the selection of 

the most appropriate algorithm based on the characteristics of the dataset and the need for computational 

efficiency in the implementation of a computer vision-based object recognition system[13]. 

Thus, this study aims to analyze and compare the performance of CNN and SVM algorithms in 

computer vision-based object recognition systems using datasets with different levels of complexity[14]. 

The results of the study are expected to provide a more comprehensive understanding of the advantages 

and limitations of each algorithm and become a reference for researchers and practitioners in choosing 

classification methods that are in accordance with the characteristics of the dataset and computing needs in 

various computer vision applications[15]. 

 

2. Research Methodology 

This study uses an experimental quantitative method to analyze and compare the performance of the 

Convolutional Neural Network (CNN) algorithm with the Support Vector Machine (SVM) in a computer 

vision-based object recognition system. The quantitative method was chosen because of its focus on the 

numerical data analysis of the test results of the model, while the experimental design helped assess the 

performance of both algorithms through a series of structured steps. The research stages include dataset 

collection, data pre-processing, CNN and SVM modeling, training, testing, performance evaluation with 

various classification metrics, and comparative analysis of the results produced. The overall flow of the 

research is shown in Figure 1. 
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Fig. 1. Research Methodology 

 

 2.1 Dataset 

This study uses two public datasets that are widely used as benchmarks in computer vision research, 

namely CIFAR-10 and the ImageNet subset. The use of two datasets with different levels of complexity 

aimed to evaluate the consistency of CNN and SVM performance on varied image characteristics. The 

CIFAR-10 dataset contains 60,000 32 × 32-pixel color images divided into 10 classes, with 50,000 images 

used for training and 10,000 images for testing. This study uses a subset of ImageNet that includes 10 

categories of objects selected to reflect variations in visual complexity. The subset was chosen to reduce 

the computational load without sacrificing the representativeness of the dataset. All images are processed 

with uniform input resolution as required by the CNN model as well as the extraction feature on the SVM. 

  

 
Fig. 2. Dataset  

 

Table 1. Use of Datasets 

Dataset Image Classes Resolution 

CIFAR-10 60.000 10 32 x 32 

ImageNet Subset 20.000 10 224 x 224 

 

2.2 Preprocessing Data 

Before the model is trained, all images undergo a pre-data processing stage to ensure that the format 

and quality match the needs of each algorithm. In the CIFAR-10 dataset, the image resolution remained at 

32 × 32 pixels, while the image on ImageNet (subset) was resized to 224 × 224 pixels to match the size of 

the CNN model's input. 
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Then, all pixel values are converted to a range of 0–1 by dividing each pixel value by 255. This 

normalization is intended to improve learning stability, accelerate convergence during training, and reduce 

the impact of scale differences between features.  

In order for the CNN model to have better generalization capabilities, data augmentation was carried 

out on the training set using Random Horizontal Flip and Random Rotation. This approach adds to the 

diversity of training examples, thereby reducing the potential for overfitting and strengthening the model's 

resilience to changes in object orientation in the image. 

Since the SVM algorithm cannot handle image data in the form of a two-dimensional matrix directly, 

each image is first converted into a one-dimensional vector (flatten) before being trained and classified. 

The stages of data cleansing applied to both datasets are summarized in Table 2. 
Table 2. Preprocessing Data 

Stages CIFAR-10 ImageNet (Subset) Description 

Dataset 60,000 images, 10 

classes 

20,000 images, 10 classes Research dataset 

Resize 32 × 32 pixel 224 × 224 pixels Standardize image 

sizes 

Normalization Pixel value 0–1 Pixel value 0–1 Speed up the 

training process 

Data 

Augmentation 

Random Horizontal Flip, 

Random Rotation 

Random Horizontal Flip, 

Random Rotation 

Adding training 

data variety 

Data 

Representation 

Tensor (CNN), Flatten 

for SVM 

Tensor (CNN), Flatten for 

SVM 

Customize the 

model input format 

Data Sharing 50.000 train, 10.000 test 12.000 train, 4.000 

validation, 4.000 test 

Model training and 

evaluation 
 

2.3 CNN Model Development 

The CNN model was created using the PyTorch framework. The model structure includes three 

convolutional layers each of which is followed by the activation of the Rectified Linear Unit (ReLU) as 

well as the Max Pooling layer to extract the features sequentially. After that, the obtained features are 

streamed to the Fully Connected layer before the classification process with Softmax activation. 

The model training used the Adam optimizer with a learning rate of 0.001, batch size 32, and 30 epochs. 

The loss function chosen is CrossEntropyLoss because it is suitable for multiclass classification. This 

combination of parameters is chosen to keep the training process stable and the computation time efficient. 

 
Table 3. CNN Training Parameters 

Parameter Value 

Framework PyTorch 

Optimizer Adam 

Learning Rate 0.001 

Batch Size 32 

Epoch 30 

Loss Function CrossEntropyLoss 

 

2.4 SVM Model Development 

The SVM model was created using the Scikit-learn library which uses the Radial Base Function (RBF) 

kernel. Before the training stage begins, the entire image is converted into a one-dimensional vector (flatten) 

so that it can be processed by the SVM algorithm. 

The RBF kernel was chosen because it can model the nonlinear relationships between data, making it 

suitable for image classification problems. The C=10 parameter is set to balance the model's generalization 

capabilities with classification accuracy, while Gamma is set to Scale so that the value adjusts automatically 

to the data distribution. 
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Fig. 3. CNN and SVM Implementation Comparison 

 
 

Table 4. CNN and SVM Comparison 

 

Dataset 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F-1 Score 

(%) 

Training Time 

(Minutes) 

Inference 

Time 

(Seconds) 

CNN SVM CNN SVM CNN SVM CNN SVM CNN SVM CNN SVM 

CIFAR-

10 

91.8 83.6 91.2 82.1 91.5 83.2 91.3 82.6 18.6 3.2 0.012 0.006 

ImageNet 

(Subset) 

79.6 65.4 80.3 66.0 79.1 64.8 79.7 65.3 104.5 12.7 0.034 0.015 

 

2.5 Experimental Setup 

All experiments were conducted in Python. The CNN model is implemented through PyTorch, while 

the SVM model is built using Scikit-learn. The pre-processing and data management stage utilizes 

Torchvision, and the results of the experiment are visualized using Matplotlib. All experiments were run 

with a consistent configuration of parameters on each dataset to ensure a fair comparison. 

 

2.6 Experimental Setup 

The performance evaluation of the two models was carried out using a number of classification metrics, 

including Accuracy, Precision, Recall, F1-score, Confusion Matrix, and Computational Time. Accuracy 

measures the percentage of accurate predictions relative to the total test data. Precision describes how 

accurate the model is in classifying a class, while Recall assesses the model's ability to find all the data that 

does belong to that class. The F1-score serves as an indicator of the balance between Precision and Recall. 

The Confusion Matrix is also used to analyze the pattern of misclassification of each class, thus giving 

an idea of the distribution of the predictions produced by the model. On the other hand, Computational 

Time is used to assess the efficiency of the training and testing process on CNN and SVM. The combination 

of these two metrics provides a more thorough assessment of the quality and efficiency of both algorithms. 

The evaluation metric is calculated by Equations (1)–(4) below: 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
       (1) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
        (2) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
        (3) 
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𝐹1-𝑆𝑐𝑜𝑟𝑒 =
2×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
      (4) 

 

With TP (True Positive) is the amount of data that is classified as a positive class, TN (True Negative) 

is the amount of data that is correctly classified as a negative class, FP (False Positive) is the amount of 

negative data that is incorrectly classified as positive, while FN (False Negative) is the amount of positive 

data that is incorrectly classified as negative. 

 

3. Results and Discussion 

3.1 Experimental Results 

The experiment was conducted using two public datasets, namely CIFAR-10 and ImageNet (subset), 

to evaluate and compare the performance of Convolutional Neural Network (CNN) and Support Vector 

Machine (SVM) algorithms in image classification tasks. The evaluation was carried out using several 

metrics, namely accuracy, precision, recall, and F1-score, so that the quality of the classification of each 

algorithm could be analyzed more comprehensively. 

 
Table 5. Classification Performance Comparison 

Model Dataset Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-score 

(%) 

CNN CIFAR-10 91,8 91,2 91,5 91,3 

SVM CIFAR-10 83,6 82,1 83,2 82,6 

CNN ImageNet 

(Subset) 

79,6 80,3 79,1 79,7 

SVM ImageNet 

(Subset) 

65,4 66,0 64,8 65,3 

 

Based on Table 5, CNN produces a superior classification to SVM on all evaluation metrics in both 

datasets. In CIFAR-10, CNN achieved an accuracy of 91.8% while SVM was only 83.6%, a difference of 

about 8.2%. In addition to higher accuracy, CNN also obtained better precision, recall, and F1-score, 

indicating the model's ability to identify objects more consistently in each class.  The performance 

differences become more pronounced on the ImageNet subset. CNN managed to achieve an accuracy of 

79.6% while SVM was only 65.4%. A more significant decline in SVM suggests that feature representations 

using flattening do not adequately capture complex visual characteristics, especially when the variety of 

objects, textures, lighting, and backgrounds increases. On the other hand, CNN can still maintain a fairly 

good performance because it performs feature extraction automatically through the convolution layer.  In 

conclusion, these findings confirm that CNN has better generalization capabilities than SVM in the face of 

increased dataset complexity. 

 

3.2 Confusion Matrix Analysis 

In addition to relying on quantitative measures, classification quality assessment is also carried out through 

a confusion matrix to see the exact prediction distribution and misclassification of each object class.  Based 

on the results of the confusion matrix, CNN produces a higher number of True Positive predictions than 

SVM in almost all object classes, both in the CIFAR-10 dataset and in the ImageNet subset. This indicates 

that CNN is able to learn more discriminating representations of features so that it can distinguish objects 

with similar visual characteristics.  In contrast, SVM shows a higher rate of misclassification, especially in 

classes that have similar shapes, colors, or texture patterns. This is due to the use of a flattening feature 

representation, which transforms the image into a one-dimensional vector without maintaining a spatial 

relationship between pixels. As a result, the important visual information needed to distinguish objects 

cannot be utilized optimally during the classification process.  These findings confirm that the automatic 

feature extraction mechanism in CNN provides a significant advantage over the simple pixel representation 

approach used by SVM. 
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3.3 Computational Time Analysis 

In addition to evaluating the quality of classification, this study also compares the computational 

efficiency of the two algorithms based on training time and inference time. The test results are presented in 

Table 6. 

 
Table 6. Computational Time Comparison 

Model Dataset Training 

Time 

(minutes) 

Inference Time 

(seconds/images) 

CNN CIFAR-10 18,6 0,012 

SVM CIFAR-10 3,2 0,006 

CNN ImageNet 

(Subset) 

104,5 0,034 

SVM ImageNet 

(Subset) 

12,7 0,015 

 

Based on Table 6, SVM requires a much shorter training time than CNN in both datasets. On CIFAR-

10, SVM takes only about 3.2 minutes, while CNN takes 18.6 minutes. The same pattern is also seen on 

ImageNet (subset), where CNN takes up to 104.5 minutes of training, while SVM takes only about 12.7 

minutes. 

The difference in computational time is due to the CNN learning mechanism which involves the process 

of parameter optimization through forward propagation and backpropagation at each network layer. In 

contrast, SVM only optimizes the separation function (hyperplane) so that the computational complexity is 

relatively lower. 

Although it takes longer training time, the classification performance improvements obtained by CNN 

show that the additional computational costs provide a comparable benefit to the quality of the classification 

results.  

 

3.4 Discussion  

Research shows that Convolutional Neural Network (CNN) consistently provides higher classification 

accuracy than Support Vector Machine (SVM) in both datasets tested. This advantage is mainly due to 

CNN's ability to automatically extract features through convolutional layers, so it can learn complex visual 

representations without the need for manual feature engineering. In contrast, SVMs rely on flattened 

representations of pixels, which are less able to maintain spatial relationships between pixels, so their 

performance decreases as data complexity increases. 

The widening performance gap in the ImageNet subset indicates that the complexity of the data has a 

greater impact on traditional machine learning algorithms than on deep learning techniques. The diversity 

of objects, textures, lighting, and backgrounds in ImageNet makes classification tasks more difficult, giving 

CNN's ability to study features in layers gives them a more significant advantage over SVM. 

However, computational time analysis shows a trade-off between classification quality and 

computational efficiency. CNN produces higher accuracy, but it requires a longer training time because the 

learning process involves many network parameters. In contrast, SVMs have shorter training and inference 

times, making them suitable for use in environments with limited computing resources or when datasets 

are relatively small. 

The study found results consistent with previous studies that stated that CNN is superior in 

classification than conventional machine learning algorithms on complex image data sets because it can 

extract features automatically. However, these findings also indicate that SVM still has advantages in terms 

of computing efficiency, making it still relevant for applications that require a quick training process and 

have limited hardware resources. In general, the study emphasizes that the selection of algorithms should 

be tailored to the characteristics of the data and the needs of implementation. CNN is more recommended 

for object recognition applications that demand high accuracy on datasets of great complexity, while SVM 

can be an effective alternative when computational efficiency is a top priority. 
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4 Conclusion 

This study compares the performance between Convolutional Neural Network (CNN) and Support 

Vector Machine (SVM) in a computer vision-based object recognition system using two data sets that have 

different levels of complexity, namely CIFAR-10 and the ImageNet subset. The results of the experiment 

indicated that CNN consistently produced superior classification performance over SVM on all evaluation 

metrics, including accuracy, precision, recall, and F1-score. This advantage indicates that CNN's ability to 

automatically extract features creates more effective visual representations, resulting in better 

generalization capabilities, especially on high-complexity data. In contrast, SVM shows advantages in 

computing efficiency with shorter training times, making it a suitable choice for environments with limited 

computing resources. The main contribution of this study is the presentation of a comparative evaluation 

between CNN and SVM using two datasets with different levels of complexity and various evaluation 

metrics, thus providing a more comprehensive understanding of the trade-off between classification 

accuracy and computational efficiency. These findings are expected to be a reference for researchers and 

practitioners in determining the classification method that best suits the characteristics of the dataset and 

the need for implementation in various computer vision applications. Further research is suggested to test 

more advanced CNN architectures, such as ResNet, EfficientNet, or Vision Transformer (ViT), as well as 

perform hyperparameter optimization and apply more diverse data augmentation techniques. In addition, 

testing on larger, more varied datasets is also needed to assess performance consistency and improve the 

model's generalization capabilities. 
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