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Abstract 

The remarkable success of deep learning, particularly Convolutional Neural Networks 
(CNNs), has significantly advanced image classification tasks in com-puter vision. 
However, the performance of deep models is often constrained by the availability 
of large-scale annotated datasets, which are not always accessible in real-world 
scenarios. This paper presents a robust CNN-based frame-work designed to address 
the challenges of limited and potentially imbalanced data. The proposed approach 
integrates effective data augmentation strategies, batch normalization, and dropout 
regularization to enhance feature learning and improve generalization. The 
architecture is carefully optimized to balance model complexity and computational 
efficiency. Experimental evaluation on bench-mark datasets demonstrates that the 
proposed framework outperforms traditional machine learning models and baseline 
neural networks in terms of classification accuracy and stability. The results highlight 
the effectiveness of combining regu-larization and augmentation techniques in 
mitigating overfitting and improving performance under constrained data conditions. 
The proposed method provides a practical solution for deploying deep learning 
models in data-scarce environments. 

Keywords: Deep Learning, Convolutional Neural Networks, Image Classification, 
Data Augmentation, Limited Data, Regularization, Batch Normalization, Dropout, 
Computer Vision 
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1 Introduction 

The rapid advancement of artificial intelligence (AI), particularly deep learning, has 
significantly transformed the field of computer vision. Among various deep learn-
ing techniques, Convolutional Neural Networks (CNNs) have emerged as a dominant 
approach for image classification due to their ability to automatically learn hierarchi-cal 
feature representations from raw image data. Unlike traditional machine learning 
methods that rely heavily on handcrafted features, CNNs enable end-to-end learning, 
thereby improving both efficiency and accuracy. 

Prior to the emergence of deep learning, image classification tasks were primarily 
addressed using feature extraction techniques such as Scale-Invariant Feature Trans-
form (SIFT) and Histogram of Oriented Gradients (HOG), followed by classifiers like 
Support Vector Machines (SVMs). Although these methods achieved moderate suc-
cess, they were limited in their ability to capture complex visual patterns and high-level 
semantic information. The breakthrough work of Krizhevsky et al. [1] demonstrated 
the superiority of deep CNNs on large-scale datasets, marking a paradigm shift in the 
field. Subsequent architectures, including VGGNet [2], GoogLeNet [3], and ResNet [4], 
further improved performance by increasing network depth and introducing novel 
design principles. 

Despite these advancements, the effectiveness of CNN-based models is often 
contingent upon the availability of large, well-annotated datasets. In many prac-
tical applications—such as medical image analysis, agricultural disease detection, 
and industrial inspection—collecting and annotating large datasets is expensive, 
time-consuming, and sometimes infeasible. Additionally, such datasets are frequently 
characterized by class imbalance, which can bias model learning and degrade classifica-
tion performance. These challenges necessitate the development of robust frameworks 
capable of delivering high performance under limited data conditions. 

To address these issues, several strategies have been proposed, including data 
augmentation, transfer learning, and regularization techniques. Data augmentation 
artificially increases dataset diversity by applying transformations such as rotation, 
scaling, and flipping, thereby improving model generalization. Regularization meth-ods, 
including dropout and batch normalization, help prevent overfitting and stabilize the 
training process. Optimization techniques such as adaptive learning algorithms further 
enhance convergence and performance. 

In this paper, we propose a robust CNN-based framework specifically designed for 
image classification under limited data conditions. The proposed approach integrates 
data augmentation, batch normalization, and dropout regularization within a carefully 
designed architecture to achieve improved generalization and classification accuracy. 
The framework is evaluated on benchmark datasets and compared with traditional 
machine learning approaches as well as baseline neural network models. 

The main contributions of this work are summarized as follows: 

• A robust CNN-based architecture tailored for limited data scenarios. 
• Integration of data augmentation and regularization techniques to reduce overfit-

ting. 
• Comprehensive evaluation against traditional and deep learning baselines. 
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• Demonstration of improved performance in terms of accuracy and generalization. 

The remainder of this paper is organized as follows. Section II reviews related work 
in image classification and deep learning. Section III presents the dataset description. Section 
IV describes the proposed methodology. Section V outlines the experimental setup. Section 
VI discusses the results and analysis. Finally, Section VII concludes the paper and 
outlines future research directions. 

2 Related Work 

Image classification has been a central problem in computer vision, evolving signifi-
cantly from traditional machine learning approaches to modern deep learning-based 

techniques. Early methods primarily relied on handcrafted feature extraction tech-
niques such as Scale-Invariant Feature Transform (SIFT) and Histogram of Oriented 
Gradients (HOG), followed by classifiers like Support Vector Machines (SVMs) and 
k-Nearest Neighbors (k-NN). Although these approaches demonstrated reasonable per-
formance on controlled datasets, they were limited in their ability to generalize to 
complex real-world scenarios due to their dependence on manually designed features. 

The introduction of deep learning, particularly Convolutional Neural Networks 
(CNNs), marked a significant shift in image classification methodologies. The pioneer-

ing work by Krizhevsky et al. [1] demonstrated that deep CNNs could automatically 
learn hierarchical feature representations, significantly outperforming traditional 

methods on the ImageNet dataset. This breakthrough established CNNs as the 

dominant paradigm for image classification tasks. 
Subsequent research focused on improving network depth and architectural design. 

Simonyan and Zisserman [2] proposed VGGNet, which emphasized the use of very deep 
architectures with small convolutional filters, demonstrating that increasing depth leads 
to better feature representation. Szegedy et al. [3] introduced the GoogLeNet 
architecture, incorporating inception modules to improve computational efficiency 
while maintaining high accuracy. These architectures highlighted the importance of 
both depth and efficient design in deep learning models. 

One of the major challenges in training deep neural networks is the vanishing gra-
dient problem, which limits the ability to train very deep architectures. To address 
this issue, He et al. [4] proposed Residual Networks (ResNet), introducing skip con-
nections that allow gradients to propagate more effectively during training. This 
innovation enabled the development of extremely deep networks and significantly 
improved classification performance. 

In addition to architectural advancements, several techniques have been proposed 
to improve training stability and generalization. Batch normalization, introduced by Ioffe 
and Szegedy [5], normalizes the input of each layer, reducing internal covariate shift and 
accelerating convergence. Dropout, proposed by Srivastava et al. [6], ran-domly 
deactivates neurons during training to prevent overfitting and improve model 
robustness. These techniques have become standard components in modern deep 
learning pipelines. 
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Despite these advancements, the performance of deep learning models is highly 
dependent on the availability of large-scale annotated datasets. Deng et al. [7] intro-
duced the ImageNet dataset, which played a crucial role in enabling the training of deep 
CNNs. However, in many real-world applications, such as medical imaging and 
agricultural disease detection, collecting large annotated datasets is challenging. This 
has led to increased interest in methods that can perform effectively under limited data 
conditions. 

Data augmentation has emerged as a widely adopted approach to address data 
scarcity. By applying transformations such as rotation, scaling, and flipping, data 
augmentation increases dataset diversity and improves model generalization. Addi-
tionally, optimization techniques such as the Adam optimizer [8] have been proposed 
to enhance training efficiency by adapting learning rates during optimization. 

Traditional machine learning methods, including SVMs [9], continue to be used as 
baseline models due to their effectiveness in small datasets. However, their reliance on 
handcrafted features limits their scalability and performance compared to deep learning 
approaches. 

Recent advancements in deep learning have significantly improved the performance 
of image classification systems. This progress is largely driven by the development of 
efficient Convolutional Neural Network (CNN) architectures, improved optimization 
strategies, and enhanced regularization techniques. 

Chollet [10] introduced Xception, which leverages depthwise separable convolu-
tions to improve model efficiency and representation learning. By decoupling spatial 
and channel-wise feature extraction, Xception demonstrated superior performance 
compared to traditional CNN architectures while maintaining lower computational 
complexity. 

Szegedy et al. [11] further improved the Inception architecture by introducing 
Inception-v4 and Inception-ResNet models. These architectures combined residual 
connections with inception modules, leading to better convergence and higher accu-
racy. The integration of residual learning helped mitigate vanishing gradient issues while 
preserving computational efficiency. 

Howard et al. [12] proposed MobileNet, a lightweight CNN architecture designed for 
resource-constrained environments. MobileNet utilizes depthwise separable con-
volutions to reduce the number of parameters and computational cost, making it 
suitable for mobile and embedded applications. This work highlighted the importance 
of efficient model design in real-world deployments. 

Tan and Le [13] introduced NASNet, a neural architecture search-based model 
that automatically designs CNN architectures. NASNet demonstrated that automated 
architecture design can achieve state-of-the-art performance, outperforming manually 
designed networks on several benchmark datasets. 

Similarly, Hu et al. [14] proposed the Squeeze-and-Excitation (SE) network, which 
introduces channel-wise attention mechanisms to improve feature representation. 
By adaptively recalibrating channel responses, SE networks significantly enhanced 
classification performance and were widely adopted in subsequent architectures. 

Research also focused on improving scalability and efficiency of deep learning mod-
els. Tan and Le [15] proposed EfficientNet, which systematically scales network depth, 
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× 

× 

width, and resolution using a compound scaling method. EfficientNet achieved state-of-
the-art accuracy with significantly fewer parameters, demonstrating the importance of 
balanced model scaling. 

In addition to architectural advancements, several studies emphasized improving 
model generalization under limited data conditions. Shorten and Khoshgoftaar [16] 
provided a comprehensive review of data augmentation techniques, highlighting 
their effectiveness in improving model robustness and reducing overfitting in image 
classification tasks. 

In summary, existing research demonstrates that while deep learning models have 
significantly improved image classification performance, challenges related to limited 
data and overfitting remain. This motivates the development of robust frameworks that 
integrate architectural improvements, data augmentation, and regularization 
techniques to achieve better performance in data-constrained environments. 

3 Dataset Description 

The performance of deep learning models is highly dependent on the quality and char-
acteristics of the dataset used for training and evaluation. In this study, experiments are 
conducted on widely used benchmark datasets to ensure fair comparison and repro-
ducibility. The selected datasets provide a diverse range of image variations and are 
commonly used for evaluating image classification algorithms. 

3.1 CIFAR-10 Dataset 

The CIFAR-10 dataset, introduced by Krizhevsky et al. [1], consists of 60,000 color images 
of size 32 32 pixels, categorized into 10 distinct classes, including airplane, automobile, 
bird, cat, deer, dog, frog, horse, ship, and truck. The dataset is divided into 50,000 
training images and 10,000 testing images. 

Each image in CIFAR-10 represents real-world objects with significant variations in 
pose, illumination, and background, making it a challenging benchmark for classifica-
tion tasks. Due to its relatively small image size and moderate complexity, CIFAR-10 
is widely used for evaluating deep learning models under constrained computational 
settings. 

To simulate limited data conditions, only a subset of the training data is used in 
certain experiments. This setup allows evaluation of the robustness of the proposed 
framework when trained on reduced data availability. 

3.2 MNIST Dataset 

The MNIST dataset, developed by LeCun et al. [17], consists of 70,000 grayscale images 
of handwritten digits ranging from 0 to 9. Each image has a resolution of 
28  28 pixels and is centered and size-normalized. 

The dataset is split into 60,000 training images and 10,000 testing images. MNIST is 
considered a standard benchmark for evaluating classification algorithms due to its 
simplicity and well-structured nature. It serves as a baseline dataset for validating model 
performance and convergence behavior. 
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3.3 Data Preprocessing 

Before feeding the data into the proposed CNN model, several preprocessing steps are 
applied which include Normalization: Pixel values are scaled to the range [0, 1] to 
facilitate faster convergence, Reshaping: Images are reshaped to match the input 
dimensions required by the CNN architecture and Label Encoding: Class labels are 
converted into one-hot encoded vectors for multi-class classification. 

3.4 Data Augmentation 

To address the challenges of limited data and improve generalisation, data aug-
mentation techniques are applied to the training dataset. These include: Rotation, 
Horizontal flipping, Scaling, zooming and Random cropping. Data augmentation 
increases dataset diversity and enables the model to learn invariant features, thereby 
reducing overfitting. 

3.5 Dataset Challenges 

Despite their widespread use, the selected datasets present several challenges: 
Limited Resolution: Small image sizes restrict fine-grained feature extraction. 

Class Overlap: Similar classes introduce classification ambiguity and data scarcity. 
Simulation: Reduced training subsets increase learning difficulty. 

The combination of CIFAR-10 and MNIST datasets provides a balanced evalua-
tion environment, covering both complex natural images and structured handwritten 
data. This enables comprehensive assessment of the proposed framework in diverse 
classification scenarios. 

4 Proposed Methodology 

This section presents the proposed deep learning framework designed for robust image 
classification under limited data conditions. The methodology integrates a Convolu-
tional Neural Network (CNN) architecture with data augmentation, regularization 
strategies, and adaptive optimization techniques to improve generalization and reduce 
overfitting. 

4.1 Framework Overview 

The overall architecture consists of the following stages: 

• Input preprocessing 
• Data augmentation 
• Convolutional feature extraction 
• Pooling 
• Fully connected classification 
• Output prediction 
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k 

—  

4.2 Input Representation 

Let the input image be represented as: 

X ∈ RH×W ×C (1) 

where H, W , and C denote the height, width, and number of channels, respectively. 

4.3 Convolution Operation 

The convolution operation is defined as: 
 

k 
i,j 

k 
m,n,c 

m,n,c 

· Xi+m,j+n,c + b (2) 

where Wk represents the kth filter, bk is the bias term, and Y k is the output feature 
map. 

4.4 Activation Function 

The Rectified Linear Unit (ReLU) activation function is used: 

f (x) = max(0, x) (3) 

4.5 Pooling Layer 

Max-pooling is applied to reduce spatial dimensions: 
 

Yi,j =  max 
(m,n)∈R 

where R denotes the pooling region. 

Xi+m,j+n (4) 

4.6 Batch Normalization 

Batch normalization is applied to stabilize training: 

 x   µ  
x̂ = √

σ2 + ϵ 
(5) 

where µ and σ2 represent batch mean and variance. 

4.7 Dropout Regularization 

Dropout is used to prevent overfitting: 

y = f (Wx) · r (6) 

where r ∼ Bernoulli(p). 

 

Y = 
Σ 

W 
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t 

t 

4.8 Fully Connected Layer 

The flattened feature vector is passed through fully connected layers: 

z = Wx + b (7) 

4.9 Output Layer 

The Softmax function is used for classification: 

ezi 

P (y = i|x) = Σ 

 

4.10 Loss Function 

ezj 
(8) 

The categorical cross-entropy loss is defined as: 

L = − 
Σ 

yi log(yˆi) (9) 
i 

4.11 Optimization 

The model parameters are updated using the Adam optimizer: 

 

mt = β1mt−1 + (1 − β1)gt (10) 

vt = β2vt−1 + (1 − β2)g2 (11) 

θt = θt−1 

mt 
— α √

v + ϵ 
(12) 

j 
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4.12 Training Algorithm 

Algorithm 1: CNN Training Procedure 

1. Initialize network parameters 
2. Apply preprocessing and data augmentation 
3. For each epoch: 

• Perform forward propagation 
• Compute loss using cross-entropy 
• Perform backpropagation 
• Update parameters using Adam optimizer 

4. Repeat until convergence 
5. Evaluate on test dataset 

4.13 Computational Complexity 

The computational complexity of convolutional layers is given by: 
 

O(N · H · W · K2 · C) (13) 

where N is the number of filters and K is the kernel size. 

5 Experimental Setup 

This section describes the experimental configuration used to evaluate the proposed 
Convolutional Neural Network (CNN)-based framework. The experiments are designed 
to assess model performance under limited data conditions and to compare it with 
baseline approaches. 

5.1 Implementation Details 

The proposed model is implemented using a deep learning framework with GPU 
acceleration to ensure efficient computation. Training is performed using mini-batch 
gradient descent, which provides a balance between computational efficiency and 
convergence stability. 

5.2 Training Configuration 

The model is trained using the hyperparameters listed in Table 1. 
Table 1: Training Hyperpa-
rameters 

 

Parameter Value 
Batch Size 32 

Learning Rate 0.001 
Optimizer Adam 

Number of Epochs 50 
Dropout Rate 0.5 

Activation Function ReLU 
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The selected hyperparameters ensure stable training and effective convergence. 

5.3 Data Splitting Strategy 

The datasets are divided into training and testing sets using standard proportions, as 
shown in Table 2. 

 
Table 2: Dataset Split 

 

Dataset Portion Percentage 
Training Set 80% 
Testing Set 20% 

 
To simulate limited data conditions, experiments are also conducted using reduced 

subsets of the training data. 
 

5.4 Evaluation Metrics 

Model performance is evaluated using standard classification metrics, summarized in 
Table 3. 

 
Table 3: Evaluation Metrics 

 

Metric Description 

Accuracy 

Precision 

Recall 

F1-score 

Overall correctness of predic- 
tions 
Correct positive predictions 
over total predicted positives 
Correct positive predictions 
over actual positives 
Harmonic mean of precision 
and recall 

 
These metrics provide a comprehensive evaluation of classification performance. 

5.5 Baseline Models 

To validate the effectiveness of the proposed approach, comparisons are made with 
baseline models listed in Table 4. 

 
Table 4: Baseline Models 

 

Model Description 

SVM 

ANN 
Basic CNN 

Traditional classifier using 
handcrafted features 
Feedforward neural network 
CNN without augmentation 
and regularization 
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5.6 Training Procedure 

The training process follows a structured pipeline: 

1. Preprocess and normalize input images 
2. Apply data augmentation to training data 
3. Train the model using forward and backward propagation 
4. Compute loss using cross-entropy 
5. Update weights using Adam optimizer 
6. Validate model after each epoch 

Early stopping is optionally used to prevent overfitting. 

5.7 Performance Monitoring 

During training, the following metrics are monitored: Training loss, Validation loss 
and Accuracy trends 

 

These indicators help analyze convergence behavior and detect overfitting. 
The experimental setup ensures a comprehensive evaluation of the proposed 

framework. By incorporating multiple datasets, evaluation metrics, and baseline com-
parisons, the experiments provide a detailed assessment of model performance and 
robustness. 

6 Results 

This section presents a comprehensive evaluation of the proposed Convolutional Neural 
Network (CNN)-based framework. The experimental results are analyzed under mul-
tiple configurations to assess classification performance, generalization capability, and 
robustness under limited data conditions. The proposed model is compared against 
traditional machine learning methods as well as baseline deep learning architectures to 
demonstrate its effectiveness. 

6.1 Overall Performance Comparison 

The classification performance of the proposed model is compared with traditional 
machine learning and baseline deep learning models, as shown in Table 5. The evalu-
ation is conducted using standard performance metrics, including accuracy, precision, 
recall, and F1-score. 

 
Table 5: Performance Comparison of Models 

 

Model Accuracy (%) Precision (%) Recall (%) F1-score (%) 
SVM 85.2 84.5 83.9 84.2 
ANN 88.7 87.9 87.2 87.5 

Basic CNN 90.3 89.8 89.1 89.4 
Proposed CNN 93.6 93.1 92.7 92.9 

 
It can be observed that the proposed CNN model outperforms all baseline methods 
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across all evaluation metrics. Specifically, the proposed model achieves an improvement 
of approximately 3.3% over the basic CNN and more than 8% over the traditional 
SVM model in terms of classification accuracy. This improvement can be attributed 
to the enhanced feature extraction capability of deeper convolutional layers combined 
with effective regularization techniques. 

Furthermore, the higher precision and recall values indicate that the proposed 
model not only improves overall accuracy but also reduces both false positives and false 
negatives. This demonstrates the model’s ability to learn more discriminative and 
generalized feature representations. 

6.2 Effect of Data Augmentation 

The impact of data augmentation on model performance is evaluated, and the results 
are presented in Table 6. 
 

Table 6: Impact of Data Augmenta-
tion 

 

Configuration Accuracy (%) 
Without Augmentation 89.8 

With Augmentation 93.6 

 
The results indicate a significant improvement in classification accuracy when data 

augmentation is applied. Specifically, an increase of approximately 3.8% is observed, 
highlighting the importance of artificially expanding the training dataset. 

Data augmentation introduces variability in the training samples by applying 
transformations such as rotation, scaling, and flipping. This enables the model to learn 
invariant features and improves its ability to generalize to unseen data. Additionally, 
augmentation reduces overfitting by preventing the model from memorizing specific 
patterns in the training set. 

6.3 Effect of Regularization 

The contribution of regularization techniques, including dropout and batch normal-
ization, is analyzed in Table 7. 

 
Table 7: Effect of Regularization Tech-
niques 

 

Configuration Accuracy (%) 
Without Regularization 88.9 

Dropout Only 91.2 
Batch Normalization Only 91.8 
Proposed (Combined) 93.6 

 
The results demonstrate that both dropout and batch normalization independently 

contribute to performance improvement. Dropout reduces overfitting by randomly 
deactivating neurons during training, thereby preventing co-adaptation of features. 
Batch normalization stabilizes training by normalizing intermediate activations, leading 
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to faster convergence and improved generalization. 
The combination of both techniques yields the highest accuracy, indicating that they 

complement each other effectively. This synergy enhances the robustness of the model 
and ensures stable learning across different training conditions. 

6.4 Performance under Limited Data 

To evaluate the robustness of the proposed framework under data scarcity, experiments 
are conducted using reduced subsets of the training data, as shown in Table 8. 

The results indicate that although performance decreases as the amount of training 
data is reduced, the proposed model maintains competitive accuracy even with only 
25% of the data. This highlights the robustness and adaptability of the framework in 
data-constrained environments. 

 

Table 8: Performance under Limited 
Data 

 

Training Data (%) Accuracy (%) 
100% 93.6 
50% 91.4 
25% 88.7 

 
The relatively small drop in performance can be attributed to the use of data aug-

mentation and regularization techniques, which compensate for the lack of sufficient 
training samples. This makes the proposed model particularly suitable for real-world 
applications where labeled data is limited. 

7 Conclusion 

In this paper, a robust Convolutional Neural Network (CNN)-based framework has been 
proposed for image classification under limited data conditions. The study addressed 
key challenges associated with data scarcity and overfitting by integrating data 
augmentation techniques, batch normalization, and dropout regularization within an 
optimized deep learning architecture. The proposed approach enables effective feature 
learning while maintaining model stability and generalization capability. 

Extensive experiments conducted on benchmark datasets demonstrate that the 
proposed framework consistently outperforms traditional machine learning models and 
baseline neural network architectures across multiple evaluation metrics, including 
accuracy, precision, recall, and F1-score. The results further highlight the signifi-
cant role of augmentation and regularization techniques in enhancing performance, 
particularly in scenarios with limited training data. 

Moreover, the experimental analysis confirms that the proposed model maintains 
competitive performance even when trained on reduced datasets, making it suitable for 
real-world applications where annotated data is scarce or expensive to obtain. The 
framework also eliminates the dependency on manual feature engineering by leveraging 
end-to-end learning. 

Overall, this work provides a practical and efficient solution for deploying deep 
learning-based image classification systems in data-limited scenarios, contributing to 
the broader advancement of computer vision applications. 



 
 
Journal of Computational Analysis and Applications                                                               VOL. 31, NO. 1, 2023 
   

                                                                                                                                     
10.48047/jocaaa.2023.31.01.46 

                                                                                        1510                Shabana Nargis Rasool et al 1497-1511  

References 

[1] Krizhevsky, A., Sutskever, I., Hinton, G.E.: Imagenet classification with deep 
convolutional neural networks. In: Advances in Neural Information Processing 
Systems (NIPS) (2012) 

[2] Simonyan, K., Zisserman, A.: Very deep convolutional networks for large-scale 
image recognition. arXiv preprint arXiv:1409.1556 (2014) 

[3] Szegedy, C., Liu, W., Jia, Y., Sermanet, P., Reed, S., Anguelov, D., Erhan, D., 
Vanhoucke, V., Rabinovich, A.: Going deeper with convolutions. In: Proceedings 

 

of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR) 
(2015) 

[4] He, K., Zhang, X., Ren, S., Sun, J.: Deep residual learning for image recogni-
tion. In: Proceedings of the IEEE Conference on Computer Vision and Pattern 
Recognition (CVPR) (2016) 

[5] Ioffe, S., Szegedy, C.: Batch normalization: Accelerating deep network training by 
reducing internal covariate shift. In: Proceedings of the International Conference 
on Machine Learning (ICML) (2015) 

[6] Srivastava, N., Hinton, G., Krizhevsky, A., Sutskever, I., Salakhutdinov, R.: 
Dropout: A simple way to prevent neural networks from overfitting. Journal of 
Machine Learning Research 15, 1929–1958 (2014) 

[7] Deng, J., Dong, W., Socher, R., Li, L.-J., Li, K., Fei-Fei, L.: Imagenet: A large-
scale hierarchical image database. In: Proceedings of the IEEE Conference on 
Computer Vision and Pattern Recognition (CVPR) (2009) 

[8] Kingma, D.P., Ba, J.: Adam: A method for stochastic optimization. In: Interna-
tional Conference on Learning Representations (ICLR) (2015) 

[9] Cortes, C., Vapnik, V.: Support-vector networks. Machine Learning 20(3), 273–
297 (1995) 

[10] Chollet, F.: Xception: Deep learning with depthwise separable convolutions. In: 
Proceedings of the IEEE Conference on Computer Vision and Pattern 
Recognition, pp. 1251–1258 (2017) 

[11] Szegedy, C., Ioffe, S., Vanhoucke, V., Alemi, A.: Inception-v4, inception-resnet 
and the impact of residual connections on learning. In: Proceedings of the AAAI 
Conference on Artificial Intelligence, vol. 31 (2017) 

[12] Howard, A.G., Zhu, M., Chen, B., Kalenichenko, D., Wang, W., Weyand, T., 
Andreetto, M., Adam, H.: Mobilenets: Efficient convolutional neural networks for 
mobile vision applications. arXiv preprint arXiv:1704.04861 (2017) 



 
 
Journal of Computational Analysis and Applications                                                               VOL. 31, NO. 1, 2023 
   

                                                                                                                                     
10.48047/jocaaa.2023.31.01.46 

                                                                                        1511                Shabana Nargis Rasool et al 1497-1511  

[13] Zoph, B., Vasudevan, V., Shlens, J., Le, Q.V.: Learning transferable architec-
tures for scalable image recognition. In: Proceedings of the IEEE Conference on 
Computer Vision and Pattern Recognition, pp. 8697–8710 (2018) 

[14] Hu, J., Shen, L., Sun, G.: Squeeze-and-excitation networks. In: Proceedings of the 
IEEE Conference on Computer Vision and Pattern Recognition, pp. 7132–7141 
(2018) 

[15] Tan, M., Le, Q.: Efficientnet: Rethinking model scaling for convolutional neu-
ral networks. In: International Conference on Machine Learning, pp. 6105–6114 

 

(2019). PMLR 

[16] Shorten, C., Khoshgoftaar, T.M.: A survey on image data augmentation for deep 
learning. Journal of big data 6(1), 1–48 (2019) 

[17] LeCun, Y., Bottou, L., Bengio, Y., Haffner, P.: Gradient-based learning applied 
to document recognition. Proceedings of the IEEE 86(11), 2278–2324 (1998) 

[18] Harsh  N  Bhor,  Predicting  Rainfall  from  Historical  Data  Trends  (April  8,  2020).  
Proceedings  of  the  3rd International Conference on Advances in Science & 
Technology (ICAST), http://dx.doi.org/10.2139/ssrn.3571738. 

[19] Bhor,  H.N.,  Kalla,  M.  (2021). A  Survey  on  DBN  for  Intrusion  Detection  in  IoT. In:  
Zhang,  YD.,  Senjyu,  T., SO–IN,  C.,  Joshi,  A.  (eds)  Smart  Trends  in  Computing  and  
Communications:  Proceedings  of  SmartCom.  Smart Innovation,  Systems  and  
Technologies,  vol  182.  Springer,  Singapore.  https://doi.org/10.1007/978-981-15-
5224-3_33. 


