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Abstract 

            Accurate detection of cancerous tumors is currently considered a critical issue in 

clinical diagnostics. Artificial intelligence algorithms on computers aid in accurate diagnosis 

with the help of convolutional neural networks (CNNs), yielding promising results. 

Extracting appropriate features is an important aspect of medical image diagnosis. AI 

techniques, including deep learning, help provide accurate results and eliminate the need for 

radiation exposure from medical devices such as computed tomography (CT) scans and 

magnetic resonance imaging (MRI). In this study, we propose a methodology based on 

extracting and learning good features to work with a deep learning model. We train the 

algorithm on images from a standard database derived from magnetic resonance imaging 

(MRI) and computed tomography (CT). The proposed method relies on removing features 

that do not affect the neural network and enhancing features that recur during iterations and 

training cycles. The results confirm that models using enhanced and enhanced features yield 

more accurate results compared to models that rely on random feature extraction. In the 

future, it is possible to enhance the types of features that have an impact on all types of AI 

algorithms. 
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1.Introduction 

     Due to technological advancements, medical imaging has played a vital role in healthcare. 

Imaging, diagnosis, and monitoring are vital for the treatment of many types of tumors [1]. 

With cancer being so common and early, accurate diagnosis playing a key role in treatment, 

there is a growing need for technologies like artificial intelligence (AI), especially deep 

learning, to improve medical systems and imaging diagnostics. Tumor detection remains a 
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top priority, which helps improve treatment outcomes by increasing accuracy and reducing 

the time needed for diagnosis [2]. 

     Convolutional neural networks (CNNs) are among the most vital deep learning 

algorithms, showing impressive performance in analyzing, classifying, and detecting medical 

images [3]. Their capacity to automatically learn and recognize complex patterns has helped 

identify early changes, enabling earlier disease detection. These models depend on extracted 

features that accurately describe the image. Medical imaging, such as MRI and CT scans, 

often has blurry or low-quality images due to the safe distance maintained between the 

patient and the equipment. Going beyond this distance can be hazardous for the human body 

[4]. Therefore, reliance on digital images and their enhancement is essential, as they are 

highly secure. 

     Feature extraction is essential in deep learning, serving not just as a byproduct but also 

significantly influencing model interpretability and clinical usefulness [5]. All features can be 

derived from deep learning, such as intensity, size, texture, border-to-overall ratio, and 

intensity. In machine learning, features are often manually extracted, using methods like local 

binary patterns (LBP), statistical analysis, or histograms of oriented gradients (HOGs), which 

also depend on field expertise. However, traditional machine learning has limitations and 

struggles to interpret complex patterns. Deep learning overcomes this by extracting features 

across multiple layers, with each layer learning from the previous one to understand complex 

pixel patterns [6]. 

     The features learned by a deep network are often unequal in importance, and not all of 

them are effective for deep learning [7]. Conversely, features that are confusing or ineffective 

negatively impact the results. Much of the increased complexity is due to these ineffective 

features, which reduce the interpretability of the proposed model. Hence, the importance of 

feature extraction strategies and their significance in improving deep learning. Many methods 

have been used in this field, including transfer learning, residual connections, attention 

mechanisms, and feature selection algorithms, also known as redundant feature elimination 

(RFE), all to enable the model to focus on regions of greatest importance in the image [8]. 

Hence, the importance of incorporating clinical knowledge into the extraction of important 

features, such as focusing on regions of high importance, such as tumors, and accurate 

diagnosis. 

     This paper explores the effectiveness of feature extraction in a deep learning model and 

simulates it on medical images in the context of tumors and their diagnosis. The impact of the 

extracted features and their strategies on the overall performance, robustness, and distribution 

of the deep learning model is also studied. The study investigates the accuracy of diagnosis 

and its relationship to the CNN architecture, which is enhanced by feature extraction 

technology. This study contributes to the development of artificial intelligence systems and 

algorithms for the accurate diagnosis of cancerous tumors. 

Hence, the clear objectives of this manuscript can be established: 
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• To evaluate the feature extraction process and its importance in deep learning for cancer 

detection. 

• To compare feature extraction methods within the deep learning algorithm architecture. 

The results of this study will impact the accuracy of cancerous tumor detection and reduce 

exposure to radiation from imaging devices, which is harmful to human health. 

2.Related work 

     Recently, deep learning has made significant progress in the field of medical image 

analysis, particularly in tumor detection. This is primarily due to the adaptability of deep 

learning, particularly with convolutional neural networks (CNNs), and its ability to extract 

features derived from the properties of medical images [9]. Previously, traditional methods 

relied on manual hierarchical feature extraction. Deep learning has replaced this manual 

intervention through multi-level learning. A study by [10] confirmed the role of 

convolutional neural networks and achieving classification accuracy in identifying skin 

diseases by combining some of the extracted features. This is where the power of features 

impacts deep learning models. Another study by [11] identified a comprehensive survey of 

various algorithms that rely on extracted features and focus on segmenting features to obtain 

the best structure for deep learning when diagnosing cancerous diseases using various 

imaging devices such as magnetic resonance imaging, computed tomography, and X-rays 

[12]. 

     [13] Proposed a model for chest imaging using the CheXNet technique, which is 

structured as a CNN based on DenseNet. The model is trained to accurately detect pneumonia 

in chest x-rays. This algorithm achieved strong performance with the same accuracy as 

practicing specialists. The study focused on reclassifying features at each stage of 

classification in a hierarchical manner. In the field of brain tumors, [14] used an improved 

CNN model as the basis for a deep learning algorithm for classifying MRI images. The model 

worked on merging the closest features and treating them as a single vector to achieve 

accuracy comparable to that achieved by physicians in this field. [15] Presented a study to 

build a model based on decoding and median structure, and using attention mechanisms to 

enhance tumor accuracy by identifying the most useful regions in the image. These attention 

mechanisms enhance the difference in planning maps by deconvolving the correlations to 

obtain the best clear image of the tumor. Consequently, features can be extracted for better 

and more accurate classification. 

     One of the most recently emerging models is transfer learning, which relies on feature 

extraction to aid classification in medical fields. A study [16] emphasized the importance of 

fine-tuning models, whether pre-trained or from scratch, by comparing models during 

classification. This confirms the relationship between good feature extraction and output 

accuracy. This study demonstrated that a wide range of training datasets has a significant 

impact on the results, as in training models on standard datasets such as ImageNet. This 

reduces the need to work on specific data-intensive models. Some studies have explored 

hybrid approaches that rely on different features from multiple models, as in [17]. The study 
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relied on combining features in deep neural networks to stabilize inputs across the layers of 

the neural network, which yielded good results in breast cancer detection. 

     Recently, there has been a focus on clinical applications and the impact of extracted 

features on the reliability of artificial intelligence algorithms. Class activation mapping 

(CAM) and gradient-based attention techniques have been widely used to capture the effect 

of features on the outcome [18]. Despite the development of these models, challenges remain 

regarding the feasibility of utilizing all features in models, selecting those that are resistant to 

noise and distortion, and their contribution to solving clinical problems. Hence, the effective 

role of features and deep learning algorithms in cancer detection emerges, demonstrating the 

effectiveness of models that rely on automatic feature variability. This study contributes to 

the systematic analysis of features in deep learning and improves the method to match the 

classification accuracy for tumor detection in medical images. 

3.Feature extraction strategy 

     Feature extraction is an important aspect of deep learning and machine learning 

algorithms, especially in medical image analysis. Tumor diagnosis is achieved by identifying 

patterns, learning the connections between them, and identifying the features that distinguish 

between them [19]. The process of distinguishing between them depends on whether the 

tissue is healthy or diseased. Using convolutional neural networks (CNNs), features are 

automatically extracted sequentially, determined by the layers that comprise the neural 

network. Important features are then focused on, while those that do not affect the process or 

outcome are ignored. Visually complex features are captured and abstracted from the medical 

image through edges and textures in the initial layers, and their complexity increases in the 

subsequent, deeper layers, representing tumors [20]. 

      The features extracted vary in importance from one to another in deep networks. Some 

are useless or affected by noise, as in the case of heterogeneous data or small training data. In 

the medical field, there are many challenges that can be overcome in extracting good features 

that are robust and have strong, interpretable correlations, making them clinically reliable and 

amenable to deep learning [21]. 

We can consider the medical image as I  and F as a deep learning model, then extracting the 

hierarchical feature will be :  

𝑓(𝑙) = 𝐹(𝑙)(𝐼), 𝑠. 𝑡. 𝑙 = 1 𝑡𝑜 𝐿              (1) 

Where the 𝑓(𝑙) represents the feature at layer l, and 𝐹(𝑙) denotes a transformation or 

convolution of the l layer, while L represents the total layers in the network [22].  

Can illustrate the early layer as 𝑙 ≈ 1like low-level features from textures or edges,  

𝑓(1) ≈ 𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 𝑜𝑓 (𝑡𝑒𝑥𝑡𝑢𝑟𝑒 𝑜𝑟 𝑒𝑑𝑔𝑒(𝐼))                   (2) 

Then the deep layers will encode as 𝑙 ≈ 𝐿 to represent the tumor at a high level: 

𝑓(𝐿) ≈ 𝑇𝑢𝑚𝑜𝑟 𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔 𝑜𝑓 𝐼                  (3) 
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The quality of features, starting from the first step of learning features, such that 

𝑓=[𝑓1,𝑓2,…,𝑓𝐷], can illustrate the extracted feature in a certain vector D, where the feature 

𝑓𝑖 is related to the detection target y through tumor classification [23].  

4.Proposed Method 

     The primary objective of the proposed method is to evaluate and enhance the feature 

extraction mechanism of an AI model, namely deep learning, in the medical field, specifically 

tumor detection. In the proposed method, we integrate convolutional neural networks 

(CNNs), which are pre-trained on a standard database, and explore how to optimize features 

to be computationally efficient and diagnostic. The proposed method consists of five 

sequential stages, starting with preprocessing and ending with evaluation of the output to be 

superior to existing methods. As illustrated in Figure 1. 

 

 

 

 

 

 

 

 

 

 

Figure 1.   General Framework of the proposed method 

Preprocessing can be considered a fundamental step in medical image processing, as it 

prepares data for a deep learning model and produces high-quality data. These processes 

include image normalization and noise reduction from the medical devices that extracted the 

image. 

Normalization requires adjusting the values of the medical image to be uniform, which in 

turn reduces the variance due to acquisition, such as in the scanner, and the variance within 

the settings. 

The new scale of the image in its pixels can be ranged like [0, 1] or [-1, 1]  

𝐼𝑛𝑜𝑟𝑚 =
𝐼−𝐼𝑚𝑖𝑛

𝐼𝑚𝑎𝑥−𝐼𝑚𝑖𝑛
          (4) 

Where: I represent the original image, and the maximum and minimum intensities are 

𝐼𝑚𝑎𝑥 and 𝐼𝑚𝑖𝑛 . 

In terms of z-score normalization, the transform intensities of having zero mean or some time 

variance of the unit can illustrate the normalization as :  
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𝐼𝑛𝑜𝑟𝑚(𝑥, 𝑦) =
𝐼(𝑥,𝑦)−𝜇𝐼

𝜎𝐼
      (5) 

Where: 𝜇𝐼 represents the mean of image I intensity, and 𝜎𝐼 represents the standard deviation 

of image I. 

In terms of noise reduction, non-leaner denoising applied, such as the median filter by 

replacing the pixel with the median of its neighboring pixels, to reduce the salt and pepper 

noise by: 

𝐼𝑓𝑖𝑙𝑡𝑒𝑟𝑒𝑑(𝑥, 𝑦) = 𝑚𝑒𝑑𝑖𝑎𝑛 [𝐼(𝑖, 𝑗)](𝑖,𝑗)∈𝑁(𝑥,𝑦),             (6) 

Where: 𝑁(𝑥, 𝑦) consider the local window in the filter of 3×3. 

Some noise comes from different devices such as scanners and TVs, denoising, then 

optimizing the vibrational model to reduce it while maintaining sharp edges: 

𝐼𝑑𝑒𝑛𝑜𝑖𝑠𝑒𝑑 = arg min
𝐼′

(‖𝐼′ − 𝐼‖2
2 + 𝛾. 𝑇𝑉(𝐼′))              (7) 

Where: 𝑇𝑉(𝐼′) represents the total variation (smoothing) and 𝛾 strength of regularization. 

       Then the feature extraction stage begins, features extracted do not necessarily have to be 

all useful, so we have to determine them as 𝑓 = [𝑓1, 𝑓2, … , 𝑓𝐷] features in dimension D. Then 

the features 𝑓𝑖 will be relevant to the diagnostic target (classification of target). The 

discriminative power can be depicted by mutual information, such as 𝛿(𝑓𝑖; 𝑦), and the 

robustness represents the variance of the perturbations like 𝑉𝑎𝑟(𝑓𝑖 , 𝑛𝑜𝑖𝑠𝑒), then we can 

calculate the redundancy by finding the correlation with other features𝜌(𝑓𝑖 , 𝑓𝑗). In this case, 

we can achieve the goal in the feature extraction stage of selecting a subset 𝛿 ⊆ {1, … , 𝐷} to 

help maximize the performance of diagnosis by : 

𝛿∗ = arg min
𝛿

𝔼(𝐼,𝑦)[𝒫(𝑦|{𝑓𝑖}𝑖∈𝛿)]             (8) 

Where: 𝒫 represents the predictive model that helps the performance metric (AUC and 

accuracy). 

For medical images, the challenge is to manipulate small datasets; we can produce limited 

samples (N) to avoid overfitting in:  

𝔼[𝐸𝑟𝑟𝑜𝑟 𝐺𝑒𝑛𝑒𝑟𝑎𝑧𝑎𝑡𝑖𝑜𝑛] ∝
𝐷

𝑁
           (9) 

For heterogeneity, the domain can shift according to the feature instability (scanner 

differences) 

‖𝑓𝑠𝑐𝑎𝑛𝑛𝑒𝑟 𝐴 − 𝑓𝑠𝑐𝑎𝑛𝑛𝑒𝑟 𝐵‖2 >∈      (10) 

After feature classification, the optimal feature according to the criteria to satisfy good 𝛿∗ in 

case of satisfying high diagnostic correlation  max
𝑖,𝑗∈𝛿∗

ℐ(𝑓𝑖; 𝑦), when the correlation between two 

feature vectors plays an important role in the next stage of designing a neural network. 
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Another criterion that can decide the good features is low redundancy, as min
𝑖,𝑗 ∈𝛿∗

𝜌(𝑓𝑖, 𝑓𝑗), the 

features may be redundant with one dataset but become useless in another dataset, so 

choosing such data should satisfy this criterion. 

Other criteria that should be considered are min
𝑖∈𝛿∗

𝑉𝑎𝑟 (𝑓𝑖, |𝑝𝑒𝑟𝑡𝑢𝑟𝑏𝑎𝑟𝑡𝑖𝑜𝑛) to make the 

feature classification good. 

The main goal of the proposed algorithm is to construct an artificial network  ℱ𝜃, including 

the parameters of 𝜃, that helps to extract discriminative features for accurate tumor 

classification. The features extracted from a certain image (I) and input into the neural 

network, 𝑓(0) = 𝜌(𝐼), are a processed image from the previous stage, normalized, and 

without noise. Then the initial layer in the neural network is 𝐹(1) that contains low-level 

features such as edge and texture.  

𝑓(1) = 𝜎(𝑊(1) ⊛ 𝑓(0) + 𝑏(1))            (11) 

Where: 𝑊(1) represents the convolutional filter with detected texture and edge. 𝜎 activation 

function of non-linear. ⊛ is considered a convolutional operation. For the other layers in the 

deep neural network, the hierarchical features are used to capture features of task-specific, 

such as tumor morphology. If y is considered the target label, then malignant and benign will 

be detected, and it must ensure that:  

ℱ(𝑓(𝐿); 𝑦) ≫ ℱ(𝑓(1); 𝑦)           (12) 

Where: ℱ represents the mutual data, 𝐿 represents how deep the network is. In the training 

process, it is necessary to learn the feature; increasing the training will increase the 

robustness of the feature. In the next iteration, the structure of the network will change 

according to :  

min
𝜃

max
‖𝛿‖≤∈

𝛾(ℱ𝜃(𝑓 + 𝛿), 𝑦)           (13) 

The contrastive learning of the features is important by pushing similar features into a certain 

space via: 

ℒ𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡 = −𝑙𝑜𝑔

exp (
𝑠𝑖𝑚(𝑓𝑖 , 𝑓𝑗)

𝒯 )

∑ exp (
𝑠𝑖𝑚(𝑓𝑖, 𝑓𝑘)

𝒯
)𝑘≠𝑖

         (14)   

Where: sim() is the function of the similarity metric, such as cosine, 𝑓𝑘 is the feature vector in 

the k domain,  then the DNN architecture with combines features during training can be 

illustrated by :  

ℱ𝜃
∗ = arg min

ℱ𝜃

( ℒ𝑡𝑎𝑠𝑘 + 𝜆1ℒ𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 + 𝜆2ℒ𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡 + 𝜆3ℒ𝐷𝐴)           (15) 

         Construction with early layers (Gabor like filters, including texture and edge detection), 

mid layers (including the hierarchical feature learning within iterations), and late layers 

(representing the final layer with result but with feedback to previous layers).  
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         At this stage, the learned features can be checked to see if they satisfy a good structure 

with layers in a neural network, or can be modified. Also depends on the results as explained 

in detail in the next section.    

5.Result and Discussion 

In this section, the results of deep learning of the proposed model are clearly explained, and 

the work is visualized. The proposed model can accurately detect the presence of tumors in 

medical images with reasonable loss. The sensitivity is not high, but it is considered better in 

the training phase. In training, the model was able to separate noise and non-brain tissues, and 

with the overall verification, we can increase the accuracy of the result to better than previous 

studies, which helps in histological anatomy and surgical work. The work begins by 

identifying the features of the image that contain the brain and the tumors that are in it. The 

shape of the tumor, its area, and its image contrast are among the most important features 

extracted from the image. Each image has specific characteristics that can accurately describe 

whether it contains tumors or not. 

5.1 Model Training 

In training mode, the images will run the model according to 80% of the image form dataset 

and considering the image label. With training, the accuracy will be depicted as a value 

represented in % with each image. As shown in Figure 2.  

 

Figure 2. Illustration of Model Training 

        In Figure 3, it can be confirmed that the accuracy increases with the increase in the 

number of epochs, and there is a decrease in the loss of the testing set. 

 

Figure 3. Model Loss 
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     When the model is applied to the testing data set for 10 epochs, a validation accuracy of 

98.33% is obtained, and the validation loss is also lower.  

     As seen in Figure 4, when the model is applied to the validation, a high loss is obtained, 

but once applied to the testing set, the loss gradually decreases with the increasing number of 

epochs. 

 

Figure 4. Model Accuracy 

     The accuracy of the convolutional neural network model achieved after applying it to the 

testing set was 96.46%. With a very minimal loss, with increasing epochs. The difference in 

model accuracy can be seen between the validation dataset and the training dataset in Figure 

4. 

5.2 Model Testing 

     Testing mode can give the accuracy or predict according to the trained data. Testing mode 

always runs with the images without a label, so it can depend on the experience of training 

mode. As shown in Figure 5. 

 

Figure 5. Output of Model Testing 



International Journal of Applied Mathematics 

Volume 38 No. 8s, 2025   

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version) 

1319 
Received: August 09 2025 

     In this section, learn about the dataset used and its importance for the study in terms of 

training and testing, in addition to the importance of utilizing influential parameters in the 

deep neural network. The dataset was chosen appropriately, and the images from historical 

data come from hospitals and medical institutions. Tumors here differ from one image to 

another due to the degree of infection, which varies to make the feature extracted more 

reliable. The dataset of the brain was chosen with a size of 3.8 GB and includes 687000 

images for different cases. Only the medical images come from MRI, considered first, and 

were used in this research, and the dataset files were divided into 70% for training and 30% 

for testing [42]. As in Figure 6. 

 

Figure 6. Structure of the dataset in the proposed method 

6.Conclusion 

     This study focuses on extracting useful features in deep learning models for the accurate 

diagnosis of cancerous tumors in medical images. The method of feature extraction, the 

learning process, and the multi-scale processing were systematically explored, as well as the 

feature selection mechanism, which impacts the robustness of the results and clinical 

applicability. Experimental results confirm that feature selection and extraction are crucial. 

The removal of features that do not affect the outcome is essential, while retaining features 

that consistently outperform in accuracy and recall during processing. This is because the 

model relies on the extracted features, not just the deep learning algorithm. Our study focuses 

on the differences between medical images and normal images, as processing medical images 

is a critical task that can be adapted to deep learning algorithms with the ability to extract 

features. The selected features are aligned with the system's complex ability to detect and 

classify tumors. In conclusion, we can emphasize that good feature selection is not a 

secondary feature, but rather a prerequisite for accurate and reliable clinical tumor detection. 

By following future work and focusing on data mining in deep learning, the importance of its 

integration with AI technologies and bridging the gap between clinical decisions and the 

performance of AI algorithms will become clear. 
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