
 

Industrial Engineering Journal 

ISSN: 0970-2555   

Volume:  52, Issue 7, No. 4, July:  2023 
[ 

UGC CARE Group-1                                                                                                               132 
 
 

CONVOLUTIONAL NEURAL NETWORK MODEL FOR BRAIN LESION DETECTION 
 

Mr. Abhijeet D. Patil. PG Student, Department of Computer Science Engineering. 

Mr. Sunil A. Kumbhar Assistant Professor, Department of Computer Science Engineering, 

D Y Patil Agriculture and Technical University, Talsande, Kolhapur, Maharashtra, India. 

 

Abstract 

 The detection of brain lesions is crucial in various aspects of neuroscience and neurology. It 

plays a vital role in diagnosis, treatment planning, prognosis, disease monitoring, prevention, and 

research advancements. Brain lesions serve as indicators of underlying conditions such as tumors, 

infections, strokes, and neurodegenerative disorders, facilitating timely and accurate diagnosis for 

appropriate management. Lesions also provide prognostic insights, shedding light on disease outcomes 

and progression. Monitoring lesions over time aids in treatment adjustments and interventions. Early 

detection enables preventive measures, minimizing the impact of conditions. In this work, we present 

a Convolutional Neural Network (CNN) model specifically designed for brain lesion detection using 

MRI images. The proposed model aims to provide improved accuracy in tumor detection, further 

enhancing patient care, management, and quality of life. 
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I.  Introduction 

The brain is a complex organ that serves as the central command center of the nervous system 

in humans and other vertebrates. It is responsible for controlling various bodily functions, including 

thoughts, emotions, movement, and sensory perception [1]. Any harm to the brain could affect the 

complete functioning of the body. This harm is called as “Brain Lesions.” Brain lesions refer to 

abnormal or damaged areas in the brain caused by injury, disease, infection, or other pathological 

conditions [2]. They can be focal or diffuse, with focal lesions affecting specific regions and diffuse 

lesions causing widespread damage. Brain tumors, vascular issues, and infections can all lead to the 

formation of brain lesions [3]. These lesions can disrupt normal brain function, resulting in various 

neurological symptoms [4]. Moreover, the brain lesions can occur due to various factors and 

conditions. The causes include traumatic brain injuries from impacts or accidents, vascular disorders 

like strokes from blood vessel blockages or ruptures, infections, brain tumors that compress nearby 

tissue, neurodegenerative diseases like Alzheimer's or Parkinson's, autoimmune disorders such as 

multiple sclerosis, genetic factors that predispose individuals to lesion formation, and toxic exposure 

to substances like heavy metals or drugs [5]. Diagnosis typically involves medical imaging scans like 

MRI or CT, and further investigations may be required to determine the underlying cause [6]. 

Treatment options depend on the specific condition and may include surgery, medication, radiation 

therapy, or rehabilitation. 

The detection of brain lesions is essential for diagnosis, treatment planning, prognosis, disease 

monitoring, prevention, and research advancements [7]. Brain lesions indicate underlying conditions 

like tumors, infections, strokes, or neurodegenerative disorders, enabling timely and accurate diagnosis 

for appropriate management [8]. Treatment decisions are guided by lesion detection, considering 

surgery, radiation therapy, medication, or rehabilitation [9]. Lesions provide prognostic information, 

offering insights into outcomes and disease progression [10]. Monitoring lesions over time informs 

treatment adjustments and interventions [11]. Early detection allows for preventive measures, 

minimizing the impact of conditions. Research on brain lesions contributes to diagnostic tools, 

treatment modalities, and therapeutic advancements [12]. Overall, detecting brain lesions improves 
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patient care, management, and quality of life in the field of neuroscience and neurology. Hence in the 

contribution of this work is as follows 

 Present a Convolutional Neural Network (CNN) model for detection the brain lesion using the 

MRI images.  

 Provide better accuracy for the detection of the tumor in the MRI images.  

 

II. Literature Survey 

In [13], Brain tumor detection and removal have been suggested using a Fuzzy C-Means 

clustering technique, conventional classification algorithms, as well as a CNN to process 2D MRIs of 

the brain. Experiments were conducted using a real-time dataset consisting of tumor images of a variety 

of intensities, dimensions, and positions. K-Nearest-Neighbor (KNN), Support-Vector-Machine 

(SVM), Logistic-Regression (LR), Multilayer Perceptron (MLP), Random Forest (RF), and Naive 

Bayes were the six classical classification algorithms which were used for comparison. All of them 

were developed in scikit-learn. Following that, they developed the CNN built with TensorFlow and 

Keras due to its superior performance compared to more conventional methods. Their approach 

resulted in an impressive 97.87% accuracy for CNN. The primary goal of this work was to use texture-

based and statistical characteristics to identify abnormal and healthy pixels. In [14], Twenty studies 

reported between the years 2000 and 2020 were reviewed using a two-stage methodology to discover 

additional information regarding tumor identification in MRI images. Multiple processes were 

analyzed side by side. Image enhancement as well as restoration were identified as two primary issues 

following a thorough examination approach. Using this they have proposed an approach. TensorFlow 

as well as Python library were used for implementing the proposed approach. The advantages and 

drawbacks of the approaches and techniques were also presented in this study. In [15], Utilizing the 

data augmentation technique, an CNN algorithm, as well as a pre-trained approach, the researchers of 

this study created an algorithm for identifying brain tumors in conventional MRI scans. Various tumors 

of varied dimensions, forms, as well as intensity were taken from the data set provided by Kaggle and 

used in the course of the study. For quite some time, doctors have relied on deep learning, among the 

latest cutting-edge technological technologies, to eradicate malignant tumors throughout the brain. It 

is possible that sophisticated AI as well as Neural Network categorization algorithms could aid with 

the early diagnosis of brain tumors. CNN models in this work were constructed utilizing the VGG 16 

to detect tumors in the brain. A method of using MRI for rapid, reliable, and accurate diagnosis of 

brain tumors was also uncovered in the study. A total of 253 MRI scans of the brain were used to 

evaluate the new method, including 155 of those scans showing malignancies. The proposed work has 

the potential to detect tumors in brain MRI scans. VGG 16 had a 99.94% accuracy, CNN had a 97% 

accuracy, RestNet50 had a 45.75 % accuracy, as well as InceptionV3 had a 48.85 % accuracy. 

In [16], This research demonstrates how CNN can be used for the diagnosis of brain tumors. 

The experimental findings demonstrate that the proposed approach is more accurate than existing 

systems for tumor classification, and it is applicable to images of varying resolutions. They have 

suggested that, the effectiveness of CNNs can be tweaked in a number of ways, including by changing 

the method of optimization used, the number of epochs, the size of the batches, the rate at which the 

network learns, and so on. The purpose of this research was to demonstrate the value of CNN in 

detecting brain tumors more effectively. In [17], They have created a CNN that does not require any 

preprocessing or augmentation of the raw data. The suggested approach achieved comparable testing 

accuracy of 98.5% when compared to state-of-the-art models; it was developed using the BRATS 

dataset, which contains 2065 brain MRI images. In [18], CNNs, a type of deep learning algorithm, has 

been used in this study, specifically for the Image Dataset. For this investigation, both unhealthy and 

healthy images of chronic brain tumors were obtained under ideal lighting conditions to reveal any 

underlying differences. Grayscale, black and white, resize, power-transform, complement and robert, 

were among of the methods used to alter the image samples. Next, a CNN textural extraction of 

features method is applied to the data. Seventy percent of the data was utilized for training, ten percent 
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for validation, and twenty percent for testing. For a given number of cycles or epochs, the detected 

efficiency was 92.78 percentage, and the total processing time was 5.33 seconds. 

In [19], In this study, they present a computerized brain tumor identification method that uses 

a CNN to examine MRI scans and label them as either benign or malignant. The GoogleNet, Alexnet, 

RNN, VGG-16 and CNN architectures were among those investigated and evaluated. The work 

centers on fine-tuning hyperparameters that are part of VGG-16 and Alexnet architectures. Initial 

testing on 125 images utilizing CNN Alexnet for automatic identification of brain tumors validated a 

precision of 98.67% utilizing the BRATS-2015, BRATS-2013, and OPEN I dataset, totaling 621 

images. In [20], In order to distinguish between benign and malignant brain tumors, the authors of this 

research proposed two deep-learning algorithms. Here, they employ two open-source collections, 

totaling 152 MRI scans and 3064 MRI scans, respectively. In order to construct their model, they begin 

by applying a 23-layers CNN onto the first dataset. This is done because the initial set has a significant 

amount of MRI images that are used for training purposes. Nevertheless, the suggested "23-layers 

CNN" design runs into an overfitting issue while working with small quantities of data. They employ 

transfer learning techniques to integrate the VGG16 architecture using their suggested "23 layers 

CNN" design in order to solve this problem. According to their experiments, their models outperform 

all existing state-of-the-art approaches by achieving up to 97.8% and 100% accuracy in classification, 

respectively, for their used datasets. In [21], This study presents a successful approach for brain Tumor 

identification using the Enhanced Residual Networking (ResNet), which solves the gradient-based 

problem of DNN.  In addition to saving time and money, this method also reduces computing 

complexity. As shown by empirical study of BRATS 2020 MRI sample information, the suggested 

approach outperforms state-of-the-art alternatives by a margin of at least 10% in terms of accuracy, 

recall, and f-measure. 

 
III. Methodology 

 

 

Figure 1. Architecture of the Proposed CNN Model. 

In Figure 1, the architecture of the proposed model has been given. The brain lesion detection 

process involves three essential phases. In Phase 1, the input image of the brain undergoes 

preprocessing steps like resizing, normalization, and format conversion to prepare it for analysis. Noise 

reduction techniques such as denoising filters are applied to enhance the image's clarity, while image 
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enhancement methods like contrast adjustment and histogram equalization improve the visibility of 

brain lesions. Phase 2 focuses on data preparation and dataset division. Brain imaging data, such as 

MRI scans, is collected, and the dataset is split into training, validation, and testing sets. The training 

set is used for model training, the validation set aids in hyperparameter tuning, and the testing set 

evaluates the final model's performance. In Phase 3, a convolutional neural network (CNN) model is 

designed, consisting of convolutional layers, pooling layers, and fully connected layers. Preprocessed 

brain images are fed into the CNN to extract meaningful features through feature mapping. The 

extracted features are then used to classify the presence of brain lesions, involving training the CNN 

model on a labeled dataset. Finally, the CNN model predicts the presence or absence of a brain lesion, 

providing a binary classification output of tumor or no tumor. 

IV. Proposed CNN Model 

In the recent years, the CNN model is most widely used for the detection of the brain lesion 

using the MRI medical images [22]. The CNN model depends solely on MRI scans for lesion detection 

and ignores the matching masks. This means that CNN evaluates only the Magnetic Resonance 

Imaging (MRI) images to create predictions with respect to the existence or features of tumors, without 

including extra information given by the matching masks, that might include tumor-related segmented 

or labeled data. Typically, a Convolutional layer serves as the first layer, and its filters are used to 

extract important information from the images. This layer will produce a series of feature maps as its 

output. These feature maps will every indicate how every filter responds to the image which was fed 

into the layer. To prevent overfitting, it is common practice to include an additional layer consisting 

of the pooled mechanism to reduce the dimensions of the feature mapping all while maintaining the 

most important characteristics. After each layer’s output has been compressed, it is sent to fully 

connected-layers for final feature extraction classification. The result of the CNN is a distribution of 

probabilities across the several classification labels that can be assigned; using this distribution of 

probabilities, a threshold is determined to determine if or not a tumor is detected. Throughout the 

training phase, the CNN improves the total number of the Convolutional layer as well as the fully 

connected-layers. This is done commonly by back-propagation as well as stochastic-gradient-descent. 

The goal of this optimization is to minimize the disparity among the class that is predicted as well as 

the actual truth-class from the training data. The trained CNN is able to identify and categorize brain 

tumors within the medical images by first producing a score that represents the probability indicating 

the existence of the tumor, and then categorizing the image as having a tumor if the resultant 

probability is higher than the threshold value [23]. The complete process has been given in the Figure 

2. 

 

Figure 2. CNN Layers for the proposed model. 

In order to extract features, the convolutional layer is essential. This layer applies a variety of 

filters in order to get the relevant information. The size and output of the convolutional layers is 

evaluated utilizing Eq. (1) and Eq. (2).  
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𝐹𝑀𝑏
𝑎 = 𝛥 (𝐾𝑏

𝑎 − 𝐼𝐿 + 𝑌𝑖) (1) 

𝑠𝑖𝑧𝑒 = (
𝑖𝑛𝑝𝑢𝑡 − 𝑓𝑖𝑙𝑡𝑒𝑟 𝑠𝑖𝑧𝑒

𝑠𝑡𝑟𝑖𝑑𝑒
) + 1 

(2) 

 

where, 𝐹𝑀𝑏
𝑎 in Eq (1) is used for defining the feature maps of the images, 𝛥 is used for defining the 

activation-function, 𝐼𝐿 is used for defining the width of the input, and 𝐾𝐿
𝑖ϵ𝑓

, 𝑌𝑖ϵ𝑓 are used for defining 

the filter channels (𝑓).  

Overfitting can occur in CNNs; hence the pooling stage is employed to regulate parameters and ensure 

that the final output is truly unique and independent of any problems of duplication. Different types of 

pooling, such as maximum, minimum, as well as average pooling, are all accomplished by using 

pooling layers. The most popular type of layer is max pooling [24]. The pooling stage output and size 

are evaluated utilizing the Eq. (3) and Eq. (4).  

𝑃𝑖,𝑗 = 𝑚𝑎𝑥𝑝,𝑠∈𝑅 (3) 

𝑃𝑜𝑜𝑙𝑖𝑛𝑔 𝐿𝑎𝑦𝑒𝑟 𝑂𝑢𝑡𝑝𝑢𝑡 𝑆𝑖𝑧𝑒 = (
𝑐𝑜𝑛𝑣𝑜 𝑜𝑢𝑡𝑝𝑢𝑡 − 𝑃𝑜𝑜𝑙𝑖𝑛𝑔 𝑆𝑖𝑧𝑒

𝑠𝑡𝑟𝑖𝑑𝑒
) 

(4) 

where, s is used for representing the final output and p is used for denoting the pooling area. In the 

final phase of processing, three interdependent layers are incorporated. The evaluation of the proposed 

CNN model has been done in the next section. 

V. Results and Discussions 

 For the experimentation of the proposed CNN model, in this work we have considered the 

Kaggle dataset [25]. This dataset consists of brain tumor and healthy patient images. The dataset 

consists of 2513 brain tumor MRI images and 2084 healthy patient MRI images. The proposed model 

was coded in Python language and the was run using the Anaconda 3 platform.  

 

Figure 3. User Interface. 

 In Figure 3, the user interface for the brain lesion detection has been shown. The brain lesion 

detection interface consists of three boxes, import data, train data and test data. First, the complete 

Kaggle dataset consisting of the MRI images is imported which has been shown in Figure 4.   
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Figure 4. Importing Brian Images. 

 After importing, the dialog box appears which states “Data imported successfully.” After the 

successful import of the dataset, the dataset is trained. By clicking on the train data, the dataset is 

trained. The similar operation has been shown in the Figure 5.  

 
Figure 5. Training Images to Model. 

 The complete process of training has been shown in the Figure 6. During training the proposed 

CNN model is trained for 9 epochs. During training the proposed CNN model has attained an accuracy 

of 100.00% which has been shown in the Figure 7. 
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Figure 6. Trained Model. 

 

Figure 7. Model Accuracy. 

 Further, after the successful training of the CNN model, which has been shown in the Figure 

8, the CNN model is tested.  

 
Figure 8. Trained Model Confirmation. 
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 For testing the proposed model, first, a random image is selected from the dataset which has 

been shown in the Figure 9. The selected figure would open and would be analyzed and compared 

with the dataset as shown in the Figure 10 and Figure 12. Finally, the output would be given as “Tumor 

Detected” or “No Tumor Detected” as shown in the Figure 11 and Figure 13.  

 
Figure 9. Testing Model. 

 
Figure 10. Testing Model with Tumor image. 

 
Figure 11. Predicted Result. 



 

Industrial Engineering Journal 

ISSN: 0970-2555   

Volume:  52, Issue 7, No. 4, July:  2023 
[ 

UGC CARE Group-1                                                                                                               140 
 
 

 
Figure 12. Testing Image with No Tumor. 

 
Figure 13. Predicted Result.  

VI. Conclusion 

 The detection of brain lesions is of most importance in the field of neuroscience and neurology. 

Brain lesions serve as critical indicators of underlying conditions such as tumors, infections, strokes, 

and neurodegenerative disorders, allowing for timely and accurate diagnosis. The presence of brain 

lesions guides treatment planning, enabling healthcare professionals to make informed decisions 

regarding surgery, radiation therapy, medication, or rehabilitation. Additionally, brain lesions provide 

valuable prognostic information, offering insights into disease outcomes and progression. Monitoring 

lesions over time facilitates the adjustment of treatment strategies and interventions. Early detection 

of brain lesions enables preventive measures, minimizing the impact of conditions on patient's well-

being. This work presents a Convolutional Neural Network (CNN) model for brain lesion detection 

using MRI images, this work aims to improve accuracy, ultimately benefiting patients and their quality 

of life. The ongoing efforts in detecting and understanding brain lesions continue to shape the field, 

driving advancements in neuroscience and neurology for better healthcare outcomes. For the future 

work, this work can be extended for classifying the brain lesions into different types.  

 



 

Industrial Engineering Journal 

ISSN: 0970-2555   

Volume:  52, Issue 7, No. 4, July:  2023 
[ 

UGC CARE Group-1                                                                                                               141 
 
 

References 

[1] S. Shigeno, P. L. R. Andrews, G. Ponte, and G. Fiorito, “Cephalopod Brains: An Overview of Current 

Knowledge to Facilitate Comparison with Vertebrates,” Frontiers in Physiology, vol. 9, Jul. 2018, doi: 

https://doi.org/10.3389/fphys.2018.00952. 

[2] Ahmed S, Venigalla H, Mekala HM, Dar S, Hassan M, Ayub S. Traumatic Brain Injury and 

Neuropsychiatric Complications. Indian J Psychol Med. 2017 Mar-Apr;39(2):114-121. doi: 10.4103/0253-

7176.203129. PMID: 28515545; PMCID: PMC5385737. 

[3] V. V. Kumar and P. Grace Kanmani Prince, "Brain Lesion detection and Analysis- A Review," 2021 Fifth 

International Conference on I-SMAC (IoT in Social, Mobile, Analytics and Cloud) (I-SMAC), Palladam, 

India, 2021, pp. 993-1001, doi: 10.1109/I-SMAC52330.2021.9640980. 

[4] S. Solanki, U. P. Singh, S. S. Chouhan and S. Jain, "Brain Tumor Detection and Classification Using 

Intelligence Techniques: An Overview," in IEEE Access, vol. 11, pp. 12870-12886, 2023, doi: 

10.1109/ACCESS.2023.3242666. 

[5] Logsdon AF, Lucke-Wold BP, Turner RC, Huber JD, Rosen CL, Simpkins JW. Role of Microvascular 

Disruption in Brain Damage from Traumatic Brain Injury. Compr Physiol. 2015 Jul 1;5(3):1147-60. doi: 

10.1002/cphy.c140057. PMID: 26140712; PMCID: PMC4573402. 

[6] Hussain S, Mubeen I, Ullah N, Shah SSUD, Khan BA, Zahoor M, Ullah R, Khan FA, Sultan MA. Modern 

Diagnostic Imaging Technique Applications and Risk Factors in the Medical Field: A Review. Biomed 

Res Int. 2022 Jun 6;2022:5164970. doi: 10.1155/2022/5164970. PMID: 35707373; PMCID: 

PMC9192206. 

[7] Gao H, Jiang X. Progress on the diagnosis and evaluation of brain tumors. Cancer Imaging. 2013 Dec 

11;13(4):466-81. doi: 10.1102/1470-7330.2013.0039. PMID: 24334439; PMCID: PMC3864167. 

[8] J. L. Liss et al., “Practical recommendations for timely, accurate diagnosis of symptomatic Alzheimer’s 

disease (MCI and dementia) in primary care: a review and synthesis,” Journal of Internal Medicine, Mar. 

2021, doi: https://doi.org/10.1111/joim.13244. 

[9] Zheng JY, Mixon AC, McLarney MD. Safety, Precautions, and Modalities in Cancer Rehabilitation: an 

Updated Review. Curr Phys Med Rehabil Rep. 2021;9(3):142-153. doi: 10.1007/s40141-021-00312-9. 

Epub 2021 Jun 19. PMID: 34178432; PMCID: PMC8214054. 

[10] Van Wijmeersch B, Hartung HP, Vermersch P, Pugliatti M, Pozzilli C, Grigoriadis N, Alkhawajah M, 

Airas L, Linker R, Oreja-Guevara C. Using personalized prognosis in the treatment of relapsing multiple 

sclerosis: A practical guide. Front Immunol. 2022 Sep 27;13:991291. doi: 10.3389/fimmu.2022.991291. 

PMID: 36238285; PMCID: PMC9551305. 

[11] Javaid, M.K., Boyce, A., Appelman-Dijkstra, N. et al. Best practice management guidelines for fibrous 

dysplasia/McCune-Albright syndrome: a consensus statement from the FD/MAS international consortium. 

Orphanet J Rare Dis 14, 139 (2019). https://doi.org/10.1186/s13023-019-1102-9 

[12] Pulumati A, Pulumati A, Dwarakanath BS, Verma A, Papineni RVL. Technological advancements in 

cancer diagnostics: Improvements and limitations. Cancer Rep (Hoboken). 2023 Feb;6(2):e1764. doi: 

10.1002/cnr2.1764. Epub 2023 Jan 6. PMID: 36607830; PMCID: PMC9940009. 

[13] T. Hossain, F. S. Shishir, M. Ashraf, M. A. Al Nasim and F. Muhammad Shah, "Brain Tumor Detection 

Using Convolutional Neural Network," 2019 1st International Conference on Advances in Science, 

Engineering and Robotics Technology (ICASERT), Dhaka, Bangladesh, 2019, pp. 1-6, doi: 

10.1109/ICASERT.2019.8934561. 

[14] S. Kumar, R. Dhir, and N. Chaurasia, "Brain Tumor Detection Analysis Using CNN: A Review," 2021 

International Conference on Artificial Intelligence and Smart Systems (ICAIS), Coimbatore, India, 2021, 

pp. 1061-1067, doi: 10.1109/ICAIS50930.2021.9395920. 

[15] N. Ahmad and K. Dimililer, "Brain Tumor Detection Using Convolutional Neural Network," 2022 

International Symposium on Multidisciplinary Studies and Innovative Technologies (ISMSIT), Ankara, 

Turkey, 2022, pp. 1032-1037, doi: 10.1109/ISMSIT56059.2022.9932741. 

[16] B. N. Ramesh, V. Asha, G. Pant, K. M. Shirshikar, A. Prasad and L. Harshitha, "Brain Tumor Detection 

using CNN withResnet50," 2023 International Conference on Sustainable Computing and Smart Systems 

(ICSCSS), Coimbatore, India, 2023, pp. 509-514, doi: 10.1109/ICSCSS57650.2023.10169663. 

[17] J. B. Arjun Das, A. Das, A. Sarangi, D. Mishra, and M. N. Mohanty, "A modified CNN model for Brain 

Tumor Detection," 2022 International Conference on Machine Learning, Computer Systems and Security 

(MLCSS), Bhubaneswar, India, 2022, pp. 165-170, doi: 10.1109/MLCSS57186.2022.00038. 

https://doi.org/10.3389/fphys.2018.00952
https://doi.org/10.1111/joim.13244
https://doi.org/10.1186/s13023-019-1102-9


 

Industrial Engineering Journal 

ISSN: 0970-2555   

Volume:  52, Issue 7, No. 4, July:  2023 
[ 

UGC CARE Group-1                                                                                                               142 
 
 

[18] F. l. HAMEED and O. DAKKAK, "Brain Tumor Detection and Classification Using Convolutional Neural 

Network (CNN)," 2022 International Congress on Human-Computer Interaction, Optimization and 

Robotic Applications (HORA), Ankara, Turkey, 2022, pp. 1-7, doi: 10.1109/HORA55278.2022.9800032. 

[19] Bairagi, V.K., Gumaste, P.P., Rajput, S.H. et al. Automatic brain tumor detection using CNN transfer 

learning approach. Med Biol Eng Comput 61, 1821–1836 (2023). https://doi.org/10.1007/s11517-023-

02820-3 

[20] Khan, Md Saikat Islam et al. “Accurate brain tumor detection using deep convolutional neural network.” 

Computational and structural biotechnology journal vol. 20 4733-4745. 27 Aug. 2022, 

doi:10.1016/j.csbj.2022.08.039 

[21] Aggarwal, M., Tiwari, A.K., Sarathi, M. et al. An early detection and segmentation of Brain Tumor using 

Deep Neural Network. BMC Med Inform Decis Mak 23, 78 (2023). https://doi.org/10.1186/s12911-023-

02174-8 

[22] Aamir, M.; Irfan, M.; Ali, T.; Ali, G.; Shaf, A.; Al-Beshri, A.; Alasbali, T.; Mahnashi, M.H. An adoptive 

threshold-based multi-level deep convolutional neural network for glaucoma eye disease detection and 

classification. Diagnostics 2020, 10, 602. 

[23] Aamir, M.; Ali, T.; Shaf, A.; Irfan, M.; Saleem, M.Q. ML-DCNNet: Multi-level deep convolutional neural 

network for facial expression recognition and intensity estimation. Arab. J. Sci. Eng. 2020, 45, 10605–

10620. 

[24] Jie, H.J.; Wanda, P. RunPool: A dynamic pooling layer for convolution neural network. Int. J. Comput. 

Intell. Syst. 2020, 13, 66–76. 

[25] https://www.kaggle.com/datasets/preetviradiya/brian-tumor-dataset?resource=download 

https://doi.org/10.1007/s11517-023-02820-3
https://doi.org/10.1007/s11517-023-02820-3
https://doi.org/10.1186/s12911-023-02174-8
https://doi.org/10.1186/s12911-023-02174-8
https://www.kaggle.com/datasets/preetviradiya/brian-tumor-dataset?resource=download

