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Abstract:  

 

Recent developments in deep learning-based medical image analysis have 

paved the way forward in improving the accuracy of cancer detection. In 

this study, we focused on enhancing the performance of different variants of 

existing Convolutional Neural Network (CNN) architectures by leveraging 

the compound scaling feature of EfficientNet. The EfficientNet architecture 

is known to scale the network width, resolution, and depth using a specific 

scaling factor. We integrated the compound scaling factor of EfficientNet-

B2 to scale the network width and resolution of conventional models while 

preserving the default depth of all architectures. The proposed approach is 

evaluated on two distinct medical imaging tasks: lung cancer detection using 

Computed Tomography (CT) scans and brain tumor classification using 

Magnetic Resonance Imaging (MRI). Multiple CNN architectures, 

including different variants of VGG, ResNet, and DenseNet, are assessed in 

both baseline and scaled configurations. On the CT dataset, the proposed 

method achieves an accuracy improvement of up to 8.30%, while on the 

MRI dataset, improvements reach 12.95%. These improvements suggest 

that compound scaling is a suitable strategy to enhance the utilization of the 

existing conventional CNN architecture instead of replacing it. 
 

Keywords: Convolutional neural networks, Deep learning, Magnetic resonance imaging, 

Computed tomography, Brain tumor detection, Lung cancer detection. 
 

 
How to Cite: Farid, M. H., Nasim, M. A., Umar, M. A., & Javed, U. (2026). EfficientNet-driven 

compound scaling for performance enhancement of CNNs in multimodal cancer imaging. Asian 

Journal of Science, Engineering and Technology (AJSET), 5(1), 83-100. 

https://doi.org/10.47264/idea.ajset/5.1.7 

 
Copyright: © 2026 The Author(s), published by IDEA PUBLISHERS (AJSET). 

 
License: This is an Open Access manuscript published under the Creative Commons Attribution 4.0 

(CC BY 4.0) International License (http://creativecommons.org/licenses/by/4.0/). 

http://ideapublishers.org/index.php/ajset
http://creativecommons.org/licenses/by/4.0/


  
EfficientNet-driven compound scaling for performance …  M. H. Farid et al 
__________________________________________________________________________________________ 
 

 
AJSET, 2026, 5(1), (7)   Page | 84  
 

1. Introduction

 

Cancer is proven to be one of the most lethal health complications, costing millions of lives 

each year. The precise and early detection of cancer is crucial to increase the patient’s chances 

of survival. The medical imaging has served as an effective tool regarding early diagnosis in 

cancer detection by providing deep insights into critical physiological information (Kaur, et 

al. 2023). By capturing vital structural and functional information the medical image analysis 

serves as a reliable and comprehensive source of diagnostic data, essential for accurate disease 

identification (Rana, et al. 2023). Cancer detection and treatment have been transformed by a 

wide range of imaging techniques including Positron Emission Tomography (PET), Magnetic 

Resonance Imaging (MRI), Computed Tomography (CT), and chest radiographs (X rays) 

(Narvekar, et al. 2022). The X-rays offers limited two-dimensional viewing whereas CT scans 

generate three-dimensional cross-sectional images with rich details, offering comprehensive 

insights of the human body (Patel, et al. 2023) and hence providing better cancer detection in 

comparison to chest X-rays. The detailed anatomical information embedded in CT images 

facilitates the acquisition of some crucial information regarding tumor location, size and shape 

that enables deeper investigation and effective treatment of diseases. It even helps identify 

enlarged lymph nodes, which are a critical indicator of cancer metastasis (Guo, et al. 2024). 

In addition to computer-aided diagnosis (CAD) of cancer the CT images are also utilized in 

biopsy (Yang, et al. 2024).  

 

In context of brain tumor detection, MRI has proven to be the most powerful and effective 

imaging modality (Martucci, et al. 2023), (Yan, et al. 2024). MRI is a non-invasive imaging 

modality that utilizes magnetic fields and radio waves, providing exceptional imaging clarity 

while being safer for patients (Teixeira, et al. 2025). The superior soft-tissue contrast in MR 

images enables precise delineation of brain structures, thereby facilitating early identification 

of tumors, edema, and other intracranial pathologies (Falk, 2025). This better diagnostic 

accuracy and safe operation, make MRI indispensable for evaluating complex neurological 

conditions. The medical image analysis has been revolutionized with the introduction of 

CNNs which demonstrates exceptional accuracy in cancer classification (Panayides, et al. 

2020). In literature, mostly the studies focus on single imaging modality (CT or MRI) and 

there is a need to understand that how CNNs perform across different medical imaging types 

because each modality presents unique challenges, such as noise in CT scans and intensity 

variations in MRI (Li, et al. 2024). Addressing these crucial challenges is essential to reveal 

the full potential of deep learning in medical diagnosis. In medical image classification, the 

CNNs including: VGG (Simonyan, K., & Zisserman, A. 2015), (Alnaggar, et al. 2024), 

ResNet (He, et al. 2016), (Xu, et al. 2023), and DenseNet (Huang, et al. 2017), are established 

as benchmarks. 

 

In this study, we employed EfficientNet’s (Tan & Le, 2019) compound scaling principle on 

different variants of conventional CNNs which balances network width, and input resolution 

while keeping the default depths constant for each particular architecture. We have applied 

the EfficientNet-B2 scaling factor with increased filter width and higher input resolution on 

VGG-16, VGG-19, ResNet-50, ResNet-101, DenseNet-121 and DenseNet-169 while their 

default depths were kept constant. The performance is compared in terms of accuracy and 

other standard metrics for each model with its unscaled version. Overall, this study performs 

a head-to-head comparison of scaled vs unscaled CNN models to detect lung cancer from CT 

scans and brain tumors from MRI scans. The main objectives of this work are summarized as 

follows: 
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• An application of compound scaling strategy that jointly increases network width and 

input resolution for improved feature representation in medical imaging tasks. 

• A comprehensive evaluation across multiple CNN architectures (VGG, ResNet, 

DenseNet) demonstrating architecture-sensitive performance improvements. 

• Extensive experimental validation on both CT and MRI datasets, including multi class   

classification scenarios. 

• Detailed analysis through convergence behavior, confusion matrices, and qualitative 

predictions to assess model robustness. 

 

By addressing these objectives, this study provides valuable insights into optimizing existing 

CNN architectures for multimodal cancer image classification and demonstrates that 

significant performance gains can be achieved without designing entirely new network 

models. 

 

2. Related work 

 

Cancer detection and classification in medical imaging have undergone remarkable 

advancements due to the emergence of advanced deep learning techniques (Chen, et al. 2022), 

(Shamshad, et al. 2023). The CAD systems that leverage various CNNs for processing medical 

images, have shown optimal performance, leading to accurate diagnosis and classification 

results (Iqbal, et al. 2023). In contrast to the traditional machine learning techniques, CNNs 

are able to learn the intricate relationships between neighboring pixels, enabling remarkable 

precision in feature extraction (Alzubaidi, et al. 2021). In literature there are multiple 

implementations of CNN architectures for lung cancer detection using CT images. In 

(Pandian, et al. 2022), a VGG-16 based classifier was implemented for lung cancer diagnosis 

using image texture features. The proposed classifier achieved the classification accuracy of 

83% for CT images. Likewise, in (Tian, et al. 2024), a ResNet-18 architecture is employed to 

address the challenge of enhancement in diagnostic accuracy for lung cancer detection 

achieving 98.84% accuracy. Similarly, DenseNet has set new benchmarks in cancer 

classification, delivering exceptional precision in medical imaging. In (Mohandass, et al. 

2024), the lung nodule detection is demonstrated by using DenseNet-201 and Namib Beetle 

Optimization. The feature computation for the LUNA16 images is done using the Empirical 

Wavelet Transform, achieving 24.8% accuracy enhancement in comparison to deep belief 

networks. In recent years, researchers have worked out to push the limits of CNN 

performance, using EfficientNet scaling techniques to achieve better accuracy. EfficientNet, 

introduced by Tan & Le, (2019), revolutionized deep learning with compound scaling method 

that optimally balances three critical parameters: depth (layer count), width (channels per 

layer) and resolution (input image dimension). The EfficientNet’s strategic scaling has been 

adapted in medical imaging to deliver improved classification accuracy. For instance, an 

EfficientNet for lung cancer classification, named Lung-EffNet is built by Raza, et al. (2023), 

based on transfer learning-based predictor. The model achieved 99.10% accuracy and trained 

using IQ-OTH/NCCD dataset. 

 

Literature also reveals various CNN architectures utilized for classification of brain tumors in 

MR images. VGG and ResNet have consistently delivered effective performance in cancer 

diagnosis, redefining the utilization of AI in pathology detection capabilities. For instance, the 

VGG-16 model depicts promising results on MR datasets i.e., BRATS 2013, OPEN-I and 

BRATS 2015 for tumor image classification task and achieving 89.3% accuracy (Bairagi, et 

al. 2023). Similarly, Ulli, et al. (2024) modified VGG-19 CNN was trained on MRI dataset to 
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learn brain tumor patterns achieving the classification accuracy of 95%, which is superior to 

VGG-16 and ResNet-50. In reference to ResNet architecture, a modified version of the pre-

trained ResNet-18 is employed by El-Feshawy, et al. (2023), achieving peak accuracy of 

98.67% in brain tumor detection task while outperforming the conventional CNNs. There are 

also examples of DenseNet based brain tumor detection in literature. For instance, a 

DenseNet-121 CNN with adaptive learning rates is utilized to address the low accuracy and 

lack of generalization problems in brain tumor detection. The model achieved a training 

accuracy of 98.81% and a test accuracy of 98.09%, outperforming current methods 

(Venkatachalam, et al. 2025). Similarly, in (Abraham, et al. (2025) employed a DenseNet-

169 CNN for brain tumor detection using MRI Kaggle dataset of brain tumor achieving 

accuracy of 98.78%. 

 

All these previous studies suggest that limited attention has been given to evaluating how 

architectural scaling strategies influence the performance of conventional CNNs across 

heterogeneous imaging modalities. Moreover, the compound scaling principle of EfficientNet 

have rarely been systematically applied to enhance existing CNN architectures without 

modifying network depth. The focus of our work is to address this gap by integrating the 

EfficientNet-driven compound scaling into well-known CNN architectures including: VGG, 

ResNet, and DenseNet for performance improvement. 

 

The remainder of this paper is organized as follows. Section 2 describes the proposed 

methodology, including the compound scaling strategy and model configurations. Section 3 

presents the experimental results and discussion for both CT and MRI datasets. Finally, 

Section 4 concludes the study. 

 

3. Materials and methods 

 

This section presents the datasets, model scaling and architecture modifications using 

EfficientNet-driven compound scaling strategy adopted in this study. The proposed framework 

is designed to systematically evaluate the effect of compound scaling on conventional CNN 

architectures across heterogeneous medical imaging modalities. 

 

3.1.  Dataset 

 

In this study, we used two datasets of different imaging modalities (CT and MRI) for lung 

cancer and brain tumor classification. For lung cancer classification, the LIDC-IDRI dataset 

(Armato III, et al. 2011) developed by the National Cancer Institute for early cancer detection 

is used. It contains 1,018 cases with CT images. From this dataset collection, we selected a 

total of 5,000 CT images, that contains 2,000 benign and 3,000 malignant samples. 

 

For brain tumor detection, we constructed a composite MRI dataset by combining images 

from three publicly available sources: Figshare (Cheng, J. 2017), Kaggle (Nickparvar, 2021), 

and Kaggle (Bhuvaji, et al. 2020). This resulting composite MRI dataset includes a total of 

13,351 images which are categorized into four different classes including: glioma containing 

3,973 images, meningioma containing 3,290 images, pituitary tumor containing 3,588 images, 

and no tumor containing 2,500 images. 

 

Further, in order to meet the scaling factor of EfficientNet-B2, we used uniform input 

dimensions across both CT and MRI datasets and the dataset was partitioned into 80% training 
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and 20% validation subsets. Additionally, we have normalized both the LIDC-IDRI lung 

cancer dataset and the brain tumors dataset to standardize the pixel intensities. 

 

3.2.  Model scaling and architecture modifications 

 

This study compares unscaled and scaled versions using EfficientNet’s (Tan & Le, 2019) 

compound scaling method of conventional CNNs, including VGG-16, VGG-19, ResNet-50, 

ResNet-101, DenseNet-121, and DenseNet-169. Scaled models are optimized by adjusting 

width and input resolution as shown in Figure 1; depths of all models are kept constant, as we 

are using the standard depth models of VGG, ResNet and DenseNet. Width and input 

resolution scaling factors are defined by Eq.1 and 2. 

 
𝑤′ = 𝑤 . 𝛽𝜙                                               (1) 

 

𝑟′  = 𝑟 . 𝛾𝜙                          (2) 

 

Where w is original width (number of filters), r is original input resolution, β is width scaling 

factor, γ is resolution scaling factor, ϕ is compound coefficient and w′, r′ are scaled width and 

resolution, respectively.  

 

The β = 1.1, γ = 1.15 and ϕ = 2 as explained for EfficentNet-B2. Therefore, width w′ grows 

by factor of ≈ 1.21 and resolution r′ grows by factor of ≈ 1.32. Since filter counts must be 

integers, the scaled width is rounded to the nearest integer after applying Eq. 1. For VGG-16 

and VGG-19, this means that convolutional layers originally having 64, 128, 256, and 512 

filters are scaled to approximately 77, 155, 310, and 620 filters, respectively across their 

blocks. In ResNet-50 and ResNet-101, scaling is applied stage-wise: the canonical stage 

widths of 64, 128, 256, and 512 filters become 77, 155, 310, and 620 filters, which are then 

used consistently for all residual blocks in each stage while keeping the number of blocks 

unchanged. For DenseNet-121 and DenseNet-169, scaling is reflected in the growth rate 

parameter, where the standard growth rate of 32 is scaled to ≈ 39.  

Figure 1: Compound Scaling Strategy of Proposed Method 
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In all cases, depth remains constant, but filter widths and growth rates are expanded according 

to EfficientNet-B2 scaling factors, ensuring structural consistency with the original networks 

while increasing representational capacity. 

 

3.3.  Models training and evaluation 

 

Each CNN model (VGG-16, VGG-19, ResNet-50, ResNet-101, DenseNet121 and DenseNet-

169) in our study is trained for 20 Epochs using Adam optimizer and categorical cross-entropy 

loss function which is suitable for multi-class classification. The dataset for each modality (CT 

and MRI) is divided into 80% training and 20% validation. 

 

The Binary Cross Entropy (BCE) was employed as loss function in lung cancer classification 

problem task due to its binary nature. The average binary cross-entropy loss over N samples is 

given by Eq. 3: 

 

𝐿𝐵𝐶𝐸  =  −
1

𝑁
∑ [ 𝑦𝑖𝑙𝑜𝑔(𝑝𝑖) +  (1 − 𝑦𝑖)𝑙𝑜𝑔(1 − 𝑝𝑖)]𝑁

𝑖=1                            (3) 

 

Where N is the Total number of samples, yᵢ is the True label of the i-th sample (yᵢ ∈ {0, 1}) and 

pᵢ is the predicted probability that the i-th sample belongs to the positive class (0 ≤ pᵢ ≤ 1). 

The categorical cross entropy was used as loss function for brain tumor classification which is 

a multi-class problem. The categorical cross-entropy loss for a dataset with N samples and C 

classes is given by Eq. 4: 

 

𝐿𝐶𝐶𝐸  =  −
1

𝑁
∑ ∑ 𝑦𝑖𝑘𝑙𝑜𝑔(𝑝𝑖𝑘)𝐶

𝑘=1
𝑁
𝑖=1                                                       (4) 

 

Where N is Total number of samples, C is the Total number of classes, 𝑦𝑖𝑘 is True label for 

class C of the i-th sample (one-hot encoded: 𝑦𝑖𝑘  ∈ {0, 1}), 𝑝𝑖𝑘 is Predicted probability that the 

i-th sample belongs to class C (0 ≤ 𝑝𝑖𝑘 ≤ 1).  

 

Model performance was evaluated using accuracy, precision, recall, specificity, and F1 score. 

For binary classification, these metrics were computed based on true positive (TP), true 

negative (TN), false positive (FP), and false negative (FN) counts. 

 

4. Results and discussion 

 

This section presents a comprehensive evaluation of the proposed EfficientNet-driven 

compound scaling strategy across two medical imaging tasks: lung cancer detection using CT 

scans using LIDC-IDRI dataset and brain tumor classification using MRI merged dataset from 

multiple sources. The evaluation focuses on quantitative performance comparison, 

convergence behavior, confusion matrix analysis, and qualitative prediction assessment. 

 

4.1.  Lung Cancer Detection (CT scans) 

 

For the lung cancer detection, models were trained using CT scans dataset (LIDC-IDRI) and 

evaluated based on their ability to distinguish between cancerous and non-cancerous lung 

tissues. The performance metrics in case of lung cancer detection with all the CNN 

architectures used in our experimentation with their scaled and unscaled versions are 

summarized in Table 1. 
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Table 1:Performance Metrics for Lung Cancer Detection Models 

Model Accuracy 
Scaled-

Accuracy 
Precision 

Scaled-

Precision 
Recall 

Scaled-

Recall 
F1 Score 

Scaled-F1 

Score 

VGG-16 98.56% 99.1 4% 98.64% 99.43% 98.97% 99.13% 98.80% 99.28% 

VGG-19 98.56% 99.00% 98.51% 99.36% 99.10% 98.97% 98.80% 99.16% 

ResNet-50 90.70% 99.00% 90.64% 99.30% 94.23% 99.03% 92.40% 99.17% 

ResNet-101 97.72% 98.56% 97.10% 98.57% 99.17% 99.03% 98.12% 98.80% 

DenseNet-

121 
98.84% 99.42% 98.61% 99.73% 99.47% 99.30% 99.04% 99.52% 

DenseNet- 

169 
99.00% 99.56% 99.56% 99.83% 98.77% 99.43% 99.16% 99.63% 

 

The results demonstrate that the scaled DenseNet-169 shows strong performance with 99.56% 

accuracy, while the scaled Densenet-121 partially lags at 99.42%. The other conventional 

models used in the experimentation like VGG-16, VGG-19, ResNet-50 and ResNet-101 

shows consistent improvement in comparison to their respective unscaled versions by 

demonstrating accuracy above 98%. The comparison of training and validation accuracies of 

VGG-16 with scaled and unscaled versions is represented in Figure 2(a). The graph shows 

that the scaled version of VGG-16 converges gradually and demonstrates comparable 

performance with its unscaled version with marginal improvement in accuracy. Both the 

unscaled and scaled versions ultimately achieved higher accuracies. Similarly, for VGG-19, 

there is minimal improvement in validation accuracy as indicated by the graph in Figure 2(b) 

and Table 1. Both the scaled and unscaled versions of VGG-19 curves are closely aligned, 

indicating marginal improvement with compound scaling. 

 

For ResNet-50, the scaled version shows a clear advantage over the unscaled version. The 

scaled ResNet-50 demonstrated the improvement in accuracy with approximately 8.30% as 

represented by the graph in Figure 2(c). The validation accuracy of unscaled ResNet-50 is 

significantly lower than the scaled version, indicating poor generalization. For ResNet-101, 

the training and validation accuracies of unscaled versions are not consistent specially in the 

middle epochs as indicated by the graph in Figure 2(d). However, the validation accuracy of 

the scaled ResNet-101 demonstrates consistent improvement and ultimately showing close 

alignment with the training curve specially in the later epochs. Overall, the graph of ResNet-

101 indicates that with compound scaling the model demonstrates stable training and achieves 

higher validation accuracy. 

 

For DenseNet-121, the unscaled model shows rapid improvement in training accuracy, but its 

validation accuracy lags significantly which is due to the overfitting as represented by the 

graph in Figure 2(e). In contrast, the scaled DenseNet-121 shows steady improvement in both 

training and validation accuracy with a smaller gap between the two curves. Therefore, the 

impact of scaling in DenseNet-121 is smoother convergence, reduced overfitting and 

delivering superior validation performance compared to the unscaled version. For DenseNet-

169, both the scaled and unscaled models achieve high accuracy, but with some differences in 

training behavior as represented in the graph of Figure 2(f). Unlike the performance of 

DenseNet-121, the unscaled DenseNet-169 already generalizes well, with validation accuracy 

staying close to training accuracy. Overall, the benefit of scaling is less significant in 

DenseNet-169 than in DenseNet-121, but it still suggests stronger generalization and 

consistency. 
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4.2.  Brain Tumor Detection (MRI Scans) 

 

For brain tumor detection we used a composite MRI dataset as mentioned in the dataset 

section. The models are evaluated based on their ability to classify images into categories of 

glioma, meningioma, pituitary tumor and non-tumor. Table 2 summarizes the performance 

metrics of brain tumor detection for all CNN architectures used in our study. The results 

shown in Table 2, demonstrate that the scaled DenseNet-169 excels with 95.82% accuracy, 

indicating strong performance, while scaled Densenet-121 lags at 94.86%. Other models like 

VGG-16, VGG-19, ResNet-50 and ResNet-101 show consistent improvements in comparison 

with their respective unscaled versions. The ResNet-50 demonstrated the highest 

improvement from its unscaled version with the difference of 12.95%. 

 

The graph in Figure 3(a) shows the comparison of training and validation accuracies of VGG-

16 with scaled and unscaled versions. The scaled VGG-16 converges gradually and 

demonstrates improved training and validation accuracy in comparison with the unscaled 

version. However, when we compared the scaled and unscaled versions of VGG-19, the 

difference between the curves is more noticeable as represented by the graph in Figure 3(b). 

The scaled version of VGG-19 is able to converge faster and achieved higher accuracy as 

clearly indicated by the validation curve of scaled VGG-19 that consistently stays above its 

unscaled version. Hence in comparison to VGG-16, the compound scaling enabled VGG-19 

shows significant improvement, ensuring more stable validation performance.  

 

In case of ResNet architecture we have performed the experimentation on its two variants 

ResNet-50 and ResNet-101. The scaled ResNet-50 demonstrated maximum improvement in 

accuracy with approximately 12.95% as represented by the graph in Figure 3(c). The scaled 

version of ResNet-50 demonstrates a faster and more stable convergence with both training 

and validation accuracy improving steeply. The validation curve of the scaled model closely 

follows its training curve, indicating good generalization and reduced overfitting. However, 

for unscaled ResNet-50 there is a significantly large gap between the training and validation 

curves, indicating poor generalization in comparison with the scaled version. For the case of 

ResNet-101 there is marginal difference between the scaled and unscaled versions as 

represented by the graph in Figure 3(d). The validation curves of scaled version show marginal 

improvement specially in the later Epochs in comparison with the unscaled version of ResNet-

101. Overall, for ResNet-101 the compound scaling shows a positive impact on performance 

by ultimately achieving higher accuracies. 

 
Table 2: Performance Metrics for Brain Tumor Detection Models. 

Model Accuracy 
Scaled 

Accuracy 
Precision 

Scaled 

Precision 
Recall 

Scaled 

Recall 
F1 Score 

Scaled F1 

Score 

VGG-16 93.57% 94.22% 93.60% 94.32% 93.57% 94.22% 93.54% 94.19% 

VGG-19 90.52% 93.63% 90.60% 93.68% 90.52% 93.63% 90.51 % 93.62% 

ResNet-50 79.02% 91.97% 79.10% 92.00% 79.02% 91.97% 79.05% 91.97% 

ResNet-101 87.69% 88.28% 87.90% 88.29% 87.69% 88.28% 87.70% 88.25% 

DenseNet-

121 
91.76% 94.86% 91.87% 94.92% 91.76% 94.86% 91.72% 94.84% 

DenseNet-

169 
90.74% 95.82% 90.81 % 95.82% 90.74% 95.82% 90.73% 95.78% 
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The DenseNet-121 accuracy curves are presented in the graph of Figure 3(e). The graph shows 

that the validation curve of scaled DenseNet-121 ultimately demonstrates higher accuracy 

than the validation curve of unscaled version. The unscaled version achieves competitive 

results but still lags behind in validation accuracy, indicating less efficient learning. The 

accuracy progression of scaled and unscaled DenseNet-169 models is represented in the graph 

of Figure 3(f). The scaled DenseNet-169 achieves rapid convergence in both training and 

validation curves and continue to improve steadily. In contrast, the unscaled DenseNet-169 

training starts with lower accuracy and requires more epochs to catch up. Its training accuracy 

gradually increases, eventually reaching close to the scaled model. The unscaled validation 

accuracy also improves consistently yet remains below that of the scaled version at the end. 

 

 
Figure 2: Scaled and Unscaled Model Performance on Lung Cancer Dataset in Terms of Accuracy (a) 

VGG-16 (b) VGG-19 (c) ResNet-50 (d) ResNet-101 (e) Densenet-121 (f) Densenet-169. 

 

All the experimental results presented in Figure 2 and 3 supports the fact that the compound 

scaling feature of EfficientNet can be a useful tool to enhance the performance of different 

variants of well-known CNN architectures. The application of compound scaling in our study 

for network width and resolution facilitates enhanced feature extraction. In conventional 
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CNNs, the performance improvement is normally achieved through empirically tuning the 

hyper parameters. In contrast, the EfficientNet relies on the compound scaling factor for 

improving the overall performance of the network and hence provides a suitable alternative 

to enhance the performance of conventional architectures. 

 

4.3.  Predictions 

 

Figure 4 and Figure 5 visually show some sample outputs for the scaled and unscaled versions 

of each CNN model (VGG-16, VGG-19, ResNet-50, ResNet-101, DenseNet-121, DenseNet-

169) in case of lung cancer images using CT scans and brain tumor images using MRI, 

respectively. The lung cancer detection performance of unscaled CNN models in terms of 

confusion matrices is depicted in Figure 6. The confusion matrices for the scaled CNN models 

for lung cancer detection are presented in Figure 7. Likewise, the confusion matrices 

comparison of unscaled and scaled CNN models in brain tumor detection are presented in 

Figure 8 and 9, respectively. 

 

 
Figure 3: Scaled and Unscaled Model Performance on Brain Tumor Dataset in terms of Accuracy (a) 

VGG-16 (b) VGG-19 (c) ResNet-50 (d) ResNet-101 (e) DenseNet-121 (f) DenseNet-169. 
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Figure 4: Lung Cancer Detection Predictions for CT Scan Dataset. 

 

 
Figure 5: Brain Tumor Detection Predictions for MRI Dataset 

 

 
Figure 6: Confusion Matrices for Lung Cancer Detection Using Unscaled CNN. 



  
EfficientNet-driven compound scaling for performance …  M. H. Farid et al 
__________________________________________________________________________________________ 
 

 
AJSET, 2026, 5(1), (7)   Page | 94  
 

 
Figure 7: Confusion Matrices for Lung Cancer Detection Using Scaled CNN. 

 
 

 
Figure 8: Confusion Matrices for Brain Tumor Detection Using Unscaled CNN. 

 



  
EfficientNet-driven compound scaling for performance …  M. H. Farid et al 
__________________________________________________________________________________________ 
 

 
AJSET, 2026, 5(1), (7)   Page | 95  
 

 
Figure 9: Confusion Matrices for Brain Tumor Detection Using Scaled CNN. 

 

5. Conclusion 

 

This study investigated the effectiveness of EfficientNet-driven compound scaling for 

improving the performance of conventional CNN architectures in medical image 

classification. Instead of designing entirely new deep learning architectures, the proposed 

approach enhances existing CNN models by proportionally scaling network width and input 

resolution based on EfficientNet scaling principles, this strategy allows conventional networks 

to achieve improved performance while preserving the original depths of CNN architectures. 

The proposed approach is evaluated using two heterogeneous medical imaging datasets: lung 

cancer detection using CT scans and brain tumor detection using MRI images. The commonly 

used CNN architectures including: VGG-16, VGG-19, ResNet-50, ResNet-101, DenseNet-

121 and DenseNet-169 were analyzed in both their baseline and scaled configurations. The 

experimental results demonstrate that on the lung CT dataset, the scaled models achieved 

substantial gains in classification accuracy with the scaled DenseNet-169 model attaining the 

highest performance of 99.56%. Similarly, in the MRI-based brain tumor detection task, 

compound scaling significantly improved performance in the more challenging multi-class 

setting, where the scaled DenseNet-169 achieved an accuracy of 95.82%. The results further 

showed that scaled architectures exhibit improved convergence stability, reduced 

misclassification rates and stronger generalization behavior across both datasets. The overall 

performance improvements confirm that the EfficientNet inspired scaling enhances feature 

extraction capability without introducing optimization instability, enabling a simple yet 

effective mechanism for enhancing the performance of conventional CNN architectures in 

medical image analysis. As a future work, the proposed framework can be extended to 

additional medical imaging modalities and investigating hybrid scaling strategies that 

incorporate attention mechanisms to further improve diagnostic performance. 
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