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Abstract: In this study, we compare the performance of Convolutional Neural Networks 

(CNNs) and Multilayer Perceptrons (MLPs) on the CIFAR-10 dataset, a benchmark dataset 

widely used for image classification tasks. We implement both models using Python and Keras, 

evaluate them based on various performance metrics, and analyze their strengths and 

weaknesses. Our findings indicate that CNNs significantly outperform MLPs in terms of 

accuracy, precision, recall, and F1-score, highlighting the advantages of CNNs in handling 

image data through spatial hierarchies and local patterns. 
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1. Introduction 

The advent of deep learning has revolutionized the field of image classification, with neural 

networks demonstrating superior performance across various datasets. Among the different 

architectures, Convolutional Neural Networks (CNNs) have become the standard for image-

related tasks due to their ability to capture spatial features effectively. On the other hand, 

Multilayer Perceptrons (MLPs) offer a simpler, fully connected approach, which, while 

versatile, may not perform optimally on image data. This study aims to provide a comparative 

analysis of CNNs and MLPs on the CIFAR-10 dataset, offering insights into their respective 

performance metrics and the reasons behind their effectiveness. 

2. Literature Review 

Recent advancements in deep learning have emphasized the importance of network architecture 

in achieving high performance on image classification tasks. CNNs, introduced by LeCun et 

al. (1998), have shown remarkable success in various competitions and real-world applications 

due to their ability to learn hierarchical representations of data. Studies by Krizhevsky et al. 

(2012) with AlexNet and He et al. (2016) with ResNet have demonstrated the scalability and 

effectiveness of deep CNNs. 

Conversely, MLPs, while foundational in the development of neural networks, have seen 

limited use in image classification due to their inability to efficiently capture spatial 

information. Recent literature, such as that by Goodfellow et al. (2016), highlights the 

performance gap between MLPs and CNNs, particularly for complex image datasets. However, 
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understanding this gap through empirical comparison remains crucial for educational and 

research purposes. 

3. Methodology 

3.1 Data Preparation 

We utilize the CIFAR-10 dataset, consisting of 60,000, 32x32 color images in 10 classes, with 

6,000 images per class. The dataset is split into 50,000 training images and 10,000 test images. 

Each image is normalized to have pixel values between 0 and 1, and the labels are one-hot 

encoded for model compatibility. 

3.2 Methodology of Evaluation 

The primary objective of our research is to comprehend the efficacy of networks in handling 

both static and dynamic video streams. An initial step involves conducting transfer learning on 

the networks utilizing image datasets. Subsequently, an assessment is made on the prediction 

accuracy of a specific object in static images and real-time video streams, as researched by 

Neha Sharma et al. (2018). Various levels of accuracy are observed, documented, and displayed 

in tables within subsequent sections. A third crucial criterion for evaluating performance is 

examining whether prediction accuracy differs among all CNNs selected for the analysis. It is 

important to highlight that videos are not utilized as a training dataset; rather, they serve as 

testing datasets. Therefore, the focus is on identifying the optimal image classifier where the 

object serves as the primary attribute for scene category classification. The convolutional 

neural network incorporates different layers for processing. 

Input Layer: The initial component of each Convolutional Neural Network (CNN) is referred 

to as the 'input layer'. This layer is responsible for receiving images, resizing them, and then 

passing them on to subsequent layers for the purpose of feature extraction. 

Convolution Layer: Following the input layer, there are several 'Convolution layers' in the 

CNN architecture. These layers function as filters for images, thereby identifying features 

within the images. Moreover, they are utilized for determining matching feature points during 

the testing phase. 

Pooling Layer: Subsequently, the feature sets obtained are transmitted to the 'pooling layer'. 

In this stage, large images are reduced in size while retaining essential information. By 

selecting the maximum value from each window, this layer ensures the preservation of the most 

suitable representations of features within the given window. 

Rectified Linear Unit Layer: The subsequent 'Rectified Linear Unit' or ReLU layer 

substitutes every negative value from the pooling layer with 0. This adjustment aids in 

maintaining the mathematical stability of the CNN model, preventing learned values from 

becoming stagnant near 0 or escalating towards infinity. 
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Fully Connected Layer: Finally, the concluding layer consists of the fully connected layers 

which receive the refined images from previous stages and categorize them into distinct classes 

with corresponding labels. 

The proposed method consists of the following steps: 

1. The initial step involves the creation of training and testing datasets. The images belonging 

to the super classes are first resized to [224, 244] pixels for AlexNet and [227, 227] pixels for 

GoogLeNet and ResNet50. Subsequently, the dataset is segregated into two distinct categories, 

namely the training set and the validation set. 

2. The subsequent step entails the modification of the Convolutional Neural Networks (CNNs) 

network. This involves the replacement of the final three layers of the network with a fully 

connected layer, a softmax layer, and a classification output layer. The size of the final fully 

connected layer is adjusted to match the number of classes present in the training dataset. 

Additionally, the learning rate factors of the fully connected layer are increased to expedite the 

training process of the network. 

3. Moving on to the next step, the network is trained by configuring the training options such 

as the learning rate, mini-batch size, and validation data in accordance with the GPU 

specifications of the system. The training process involves utilizing the training data to 

optimize the network's parameters. 

4. Finally, the accuracy of the network is evaluated by classifying the validation images using 

the fine-tuned network. The accuracy of the network is then calculated to assess its 

performance. 

Challenges related to the implementation of multilayer perceptrons in practical settings. 

Model Architectures 

• Convolutional Neural Network (CNN): Our CNN architecture includes three 

convolutional layers with ReLU activation, each followed by max-pooling layers. This is 

succeeded by a fully connected dense layer and a dropout layer to prevent overfitting. The final 

layer is a softmax layer for classification. The convolution operation is mathematically 

represented as: 

                                (𝑓 ∗ 𝑔)(𝑡) = ∫ 𝑓(𝜏)𝑔(𝑡 − 𝜏)𝑑𝜏
∞

−∞
                                       (1) 

• Multilayer Perceptron (MLP): The MLP consists of an input layer, followed by two 

dense hidden layers with ReLU activation and dropout for regularization. The output layer is a 

softmax layer. Mathematically, the output of a neuron in an MLP can be formulated as in Eq. 

(1). 

                                                       𝑦 = 𝑓(Σ𝑖𝑤𝑖𝑥𝑖 + 𝑏)                                                 (2) 

Training and Evaluation 
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Both models are trained using the Adam optimizer and categorical cross-entropy loss function. 

The training process includes 10 epochs with a batch size of 64. We evaluate the models on the 

test set using accuracy, precision, recall, and F1-score. Additionally, we generate confusion 

matrices to visualize the performance across different classes. 

 

 

4. Test Datasets 

The CIFAR-10 dataset comprises a collection of images featuring various super-classes of 

general object images along with multiple subclass categories within each superclass. 

Specifically, CIFAR-10 consists of 10 image classes, with each class containing 600 images. 

These 600 images are segregated into 500 training images and 100 testing images per class, 

resulting in a total of 60,000 distinct images. 

  Furthermore, these 100 classes are aggregated into 20 superclasses. Each image in the 

dataset is associated with both a "fine" label indicating its specific class and a "coarse" label 

denoting the superclass to which the "fine" label belongs. The training and testing categories 

include items such as bed, bicycle, bus, chair, couch, motorcycle, streetcar, table, train, and 

wardrobe. In the context of the proposed research, it is essential to utilize broad categories from 

each superclass for training the neural networks. Specifically, the superclasses selected for this 

purpose are Household furniture and vehicle, as detailed in the provided table. Additionally, 

the second dataset employed is the ImageNet dataset, which encompasses super-classes of 

images further subdivided into subclasses. ImageNet is structured based on the WordNet 

hierarchy, organizing the dataset into coherent conceptual categories. 

 

Figure 1: Few Classes of CIFAR-10 Datasets 

Each concept in WordNet is represented by a collection of terms known as a "synonym set" or 

"sync set". The dataset encompasses over 100,000 sync sets. All the images have been 

annotated by humans. Moreover, in our research, a reorganization of the less informative labels 

in ImageNet into more coherent groupings that align with the superclass was undertaken. For 

instance, the label "table" was reassigned as "furniture", and similarly, numerous other images 

were categorized under their super classes, resulting in more elucidative and purposeful labels. 
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The third dataset selected for analysis was the a CIFAR-10 image dataset. CIFAR-10 comprises 

32x32 color images distributed among 10 categories, with 6000 images per category, totalling 

60000 images. The dataset is composed of 50000 training images and 10000 test images, split 

into five training sets and one test set, each containing 10000 images. The test images are 

chosen randomly from each category. 

5. Result 

Table 1: CNN Classification Report 

 precision recall f1-score support 

0 0.74 0.66 0.7 1000 

1 0.85 0.82 0.84 1000 

2 0.56 0.57 0.56 1000 

3 0.5 0.49 0.49 1000 

4 0.6 0.73 0.66 1000 

5 0.66 0.45 0.53 1000 

6 0.77 0.78 0.78 1000 

7 0.78 0.71 0.74 1000 

8 0.78 0.82 0.8 1000 

9 0.7 0.88 0.78 1000 

     

accuracy   0.69 10000 

macro avg 0.69 0.69 0.69 10000 

weighted avg 0.69 0.69 0.69 10000 

 

Table 2: MLP Classification Report 

 precision recall f1-score support 

0 0.61 0.11 0.18 1000 

1 0.5 0.26 0.34 1000 

2 0.5 0 0 1000 

3 0.2 0.13 0.16 1000 

4 0.35 0.23 0.28 1000 

5 0.6 0.02 0.04 1000 
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6 0.26 0.65 0.37 1000 

7 0.23 0.56 0.33 1000 

8 0.37 0.19 0.25 1000 

9 0.23 0.59 0.34 1000 

     

accuracy   0.27 10000 

macro avg 0.39 0.27 0.23 10000 

weighted avg 0.39 0.27 0.23 10000 

 

6. Conclusion 

Interpretation of CNN Classification Report: 

The classification report for the CNN model on the CIFAR-10 dataset includes precision, 

recall, F1-score, and support for each of the 10 classes. Here's a detailed interpretation: 

Key Metrics: 

1. Precision: The ratio of correctly predicted positive observations to the total predicted 

positives. 

o Example: For class 0, precision is 0.74, meaning 74% of the predictions for this 

class are correct. 

2. Recall: The ratio of correctly predicted positive observations to the all observations in 

the actual class. 

o Example: For class 0, recall is 0.66, meaning 66% of the actual class 0 instances 

were correctly identified by the model. 

3. F1-Score: The weighted average of precision and recall, providing a balance between 

the two metrics. 

o Example: For class 0, the F1-score is 0.70. 

4. Support: The number of actual occurrences of the class in the dataset. 

o Example: For each class, support is 1000, as CIFAR-10 is a balanced dataset. 

Detailed Interpretation: 

• Class 0 (Airplane): Precision (0.74), Recall (0.66), F1-score (0.70) 

o The model performs moderately well, but misses 34% of class 0 instances. 

• Class 1 (Automobile): Precision (0.85), Recall (0.82), F1-score (0.84) 

o The model performs very well for this class, with high precision and recall. 
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• Class 2 (Bird): Precision (0.56), Recall (0.57), F1-score (0.56) 

o Moderate performance, with a balanced precision and recall. 

• Class 3 (Cat): Precision (0.50), Recall (0.49), F1-score (0.49) 

o Poor performance, with low precision and recall. 

• Class 4 (Deer): Precision (0.60), Recall (0.73), F1-score (0.66) 

o Better recall than precision, indicating more true positives but also more false 

positives. 

• Class 5 (Dog): Precision (0.66), Recall (0.45), F1-score (0.53) 

o Better precision than recall, indicating more false negatives. 

• Class 6 (Frog): Precision (0.77), Recall (0.78), F1-score (0.78) 

o Strong performance, with balanced precision and recall. 

• Class 7 (Horse): Precision (0.78), Recall (0.71), F1-score (0.74) 

o Good performance, though slightly better at precision than recall. 

• Class 8 (Ship): Precision (0.78), Recall (0.82), F1-score (0.80) 

o Very good performance, slightly better recall. 

• Class 9 (Truck): Precision (0.70), Recall (0.88), F1-score (0.78) 

o Excellent recall, meaning it correctly identifies most trucks, but some false 

positives. 

Overall Metrics: 

• Accuracy: 0.69 (69%) 

o The overall proportion of correctly classified instances. 

• Macro Average: 

o Precision: 0.69, Recall: 0.69, F1-score: 0.69 

o Average performance metrics across all classes without considering class 

imbalance. 

• Weighted Average: 

o Precision: 0.69, Recall: 0.69, F1-score: 0.69 

o Average performance metrics across all classes, considering class imbalance. 

 

Interpretation of MLP Classification Report: 

Key Metrics: 
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1. Precision: The ratio of correctly predicted positive observations to the total predicted 

positives. 

o Example: For class 0, precision is 0.61, meaning 61% of the predictions for this 

class are correct. 

2. Recall: The ratio of correctly predicted positive observations to the all observations in 

the actual class. 

o Example: For class 0, recall is 0.11, meaning only 11% of the actual class 0 

instances were correctly identified by the model. 

3. F1-Score: The weighted average of precision and recall, providing a balance between 

the two metrics. 

o Example: For class 0, the F1-score is 0.18. 

4. Support: The number of actual occurrences of the class in the dataset. 

o Example: For each class, support is 1000, as CIFAR-10 is a balanced dataset. 

Detailed Interpretation: 

• Class 0 (Airplane): Precision (0.61), Recall (0.11), F1-score (0.18) 

o High precision but very low recall, indicating it rarely identifies true positives. 

• Class 1 (Automobile): Precision (0.50), Recall (0.26), F1-score (0.34) 

o Moderate precision and low recall. 

• Class 2 (Bird): Precision (0.50), Recall (0.00), F1-score (0.00) 

o Fails to correctly identify bird instances. 

• Class 3 (Cat): Precision (0.20), Recall (0.13), F1-score (0.16) 

o Very poor performance. 

• Class 4 (Deer): Precision (0.35), Recall (0.23), F1-score (0.28) 

o Low performance, but better than some other classes. 

• Class 5 (Dog): Precision (0.60), Recall (0.02), F1-score (0.04) 

o High precision but extremely low recall, indicating it almost never identifies 

dogs correctly. 

• Class 6 (Frog): Precision (0.26), Recall (0.65), F1-score (0.37) 

o Low precision but relatively high recall, indicating many false positives. 

• Class 7 (Horse): Precision (0.23), Recall (0.56), F1-score (0.33) 

o Similar to frog, low precision but better recall. 

• Class 8 (Ship): Precision (0.37), Recall (0.19), F1-score (0.25) 
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o Low performance with better precision than recall. 

• Class 9 (Truck): Precision (0.23), Recall (0.59), F1-score (0.34) 

o Low precision but better recall, similar to frog and horse. 

Overall Metrics: 

• Accuracy: 0.27 (27%) 

o The overall proportion of correctly classified instances. 

• Macro Average: 

o Precision: 0.39, Recall: 0.27, F1-score: 0.23 

o Average performance metrics across all classes without considering class 

imbalance. 

• Weighted Average: 

o Precision: 0.39, Recall: 0.27, F1-score: 0.23 

o Average performance metrics across all classes, considering class imbalance. 

Comparison and Conclusion: 

• CNN Performance: 

o Overall accuracy is 69%, with reasonably good precision, recall, and F1-scores 

across most classes. 

o CNN performs especially well for classes like automobile (class 1), frog (class 

6), ship (class 8), and truck (class 9). 

• MLP Performance: 

o Overall accuracy is 27%, with very low precision, recall, and F1-scores for most 

classes. 

o MLP struggles significantly with identifying most classes correctly, although it 

has relatively better recall for classes like frog (class 6), horse (class 7), and truck (class 9). 

The CNN model outperforms the MLP model by a large margin in terms of accuracy, precision, 

recall, and F1-score. This is expected as CNNs are specifically designed to handle image data 

by leveraging spatial hierarchies and local patterns, which MLPs are not particularly suited for. 
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Figure 2: CNN model outperforms the MLP model 
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