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Abstract: Brain tumors necessitate swift detection and classification for optimal patient outcomes. Deep
learning has been extensively utilized to recognize complex tumor patterns in magnetic resonance
imaging (MRI) images, aiding in tumor diagnosis, treatment, and prognostication. However, model
complexity and limited generalizability with unfamiliar data hinder appropriate clinical integration.
The objective of this study is to develop a clean-energy cloud-based deep learning platform to classify
brain tumors. Three datasets of a total of 2611 axial MRI images were used to train our multi-layer
convolutional neural network (CNN). Our platform automatically optimized every transfer learning and
data augmentation feature combination to provide the highest predictive accuracy for our classification
task. Our proposed system identified and classified brain tumors successfully and efficiently with an
overall precision value of 96.8% [95% CI; 93.8–97.6]. Using clean energy supercomputing resources
and cloud platforms cut our workflow to 103 min, $0 in total cost, and a negligible carbon footprint
(0.0014 kg eq CO2). By leveraging automated optimized learning, we developed a cost-effective deep
learning (DL) platform that accurately classified brain tumors from axial MRI images of different levels.
Although studies have identified machine learning tools to overcome these obstacles, only some are
cost-effective, generalizable, and usable regardless of experience.

Keywords: deep learning; convolutional neural network; brain tumor; machine learning; image
classification

1. Introduction

Brain tumors constitute a complex set of pathologies that are associated with poor
survival. Brain tumors pose a significant healthcare burden, affecting approximately
308,000 people worldwide in 2020 and costing nearly two hundred billion dollars in the
United States alone [1,2]. Brain tumors can be classified as either primary (originating in
the brain) or secondary (originating elsewhere in the body and spreading to the brain).
They can be intra-axial (i.e., gliomas) or extra-axial (i.e., meningiomas and pituitary adeno-
mas) and can be further sub-classified based on their cellular and molecular features [3].
Intra-axial tumors are more difficult to treat and are usually discovered at advanced stages
when significant mass effect disrupts cortical areas. The most common primary brain
tumors include gliomas (astrocytoma, glioblastoma, and ependymoma), pituitary adeno-
mas, meningiomas, and schwannomas [4]. Despite tremendous advances in many areas of
medicine, survival outcomes remain very low [3]. The complexity of the brain tissue and
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the variability in survival rates necessitate the development of more reliable early detec-
tion techniques. Accurate classification of brain tumors is critical for effective treatment
planning, as different tumor types may require different treatment approaches.

The gold standard for identifying and diagnosing brain tumors is a pathological
assessment of tissue morphology. However, non-invasive modalities capable of accurately
classifying tumor type and grade are highly desirable [5]. Currently, magnetic resonance
imaging (MRI) is widely used to provide clinicians with important information on lesion
location, structural features (i.e., vascularity, cellularity, and perfusion), and dynamics with
normal tissue (i.e., metastasis and mass effect) [6]. Classification is traditionally performed
manually, which is very time-consuming, prone to error, and potentially not as capable
of integrating nuanced macroscopic patterns [7]. Consequently, there has been a surge
in interest in computer-aided diagnosis (CAD) to improve early detection and treatment
options, such as with colorectal polyp and lung cancer classification [8,9].

Deep learning (DL), a branch of artificial intelligence inspired by the understanding of
the neural networks within humans, has shown great potential for improving the accuracy
and efficiency of brain tumor classification [10,11]. By training deep neural networks
on large datasets of brain tumor imaging data, researchers and clinicians can develop
highly accurate models that can automatically identify and classify different types of
brain tumors [1,10–12]. The use of DL in brain tumor classification has the potential to
improve patient outcomes by enabling faster and more accurate diagnosis and treatment
planning [8,9]. By reducing the burden on healthcare providers, DL can help allocate more
time for clinicians to perform higher-level care [13].

2. Materials and Methods
2.1. Literature Review

A systematic review was performed in accordance with the Preferred Reporting Items
for Systematic Reviews and Meta-Analyses (PRISMA) guidelines. The main objective
was to survey the types of model algorithms and evaluate subsequent accuracy metrics
of studies that have utilized CNN to automate brain tumor classification. The PubMed,
Embase, and Cochrane Library databases were queried from inception to 22 October 2023,
with the following search criteria: (“deep learning” OR “machine learning”) AND “brain
tumor” AND (“MRI” OR “MR” OR “CT”) AND “image classification” OR “brain tumor
classification”). Studies published in the English language were included if they directly
utilized CNN for the purposes of brain tumor classification. Studies were excluded if
they did not utilize CNN or if they were review articles. There were no restrictions on
publication date. Three authors (M.S.G., E.T., and T.S.) performed the database searches
and screened the titles and abstracts for relevance in accordance with the inclusion and
exclusion criteria. Any discrepancies were resolved by consensus among all authors.
Eligible articles were pooled, and duplicates were removed. Full-text articles and their
respective reference lists were reviewed for final study inclusion. Data were extracted from
all eligible articles by four independent authors (M.S.G., E.T., T.S., and J.W) who utilized
a preformed data extraction sheet to collect the following information: author name,
year, brain tumor subtypes classified, model algorithm, accuracy (averaged if multiple
models were used), dataset size, and dataset source. A total of 920 articles were identified
through our systematic literature search (Figure 1). After screening, duplicate removal, and
appraisal for relevancy, 47 articles were included for final review.
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Figure 1. Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) diagram.

2.2. Data

We utilized 3 different publicly accessible datasets via the Kaggle repository (https://
www.kaggle.com) [14–16]. Our training dataset included 2611 T1-Weighted Contrast-
Enhanced images (TWCEI) images of which 495 subjects were tumor-free, 195 subjects
with glioblastoma, 548 subjects with astrocytoma, 908 subjects with meningioma, and
465 subjects with schwannoma (Figure 2). Tumor diagnoses were identified via pathological
assessment. All images were obtained in the axial plane. Out of 2611 total images, 2088
(80%) were used for training, 263 (10%) were used for validation, and 260 (10%) were
used for testing. To further validate the generalizability of our model’s performance, we
conducted further testing on two separate test datasets (100 images from each dataset
distinct from our training, validation, and test data). All images used throughout our
workflow were composed of 630 × 630 pixels in size.
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Figure 2. Brain tumor MRI image subtypes. Red circles outline respective tumor location.

2.3. Workflow

Our workflow prioritized cost-effectiveness without sacrificing classification accuracy
(Figure 3). To develop our cloud-based platform, we utilized Google Collaboratory, which
allowed us to develop our code, leverage cloud-based Python notebooks, and harness
supercomputing resources (Initially, we performed a series of learned optimizations to
improve our model’s performance). We utilized various permutations of EfficientNet,
BERT, Transformer, TensorFlow Hub, PyTorch Hub, ResNet-50, VGG-16, Inception V3,
DenseNet201, Xception, MobilleNet, and ResNet to achieve the highest possible prediction
capabilities [17]. To further optimize our BRAIN model, we implemented data process-

https://www.kaggle.com
https://www.kaggle.com
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ing and augmentation techniques as previously described in the literature [17–21]. We
expanded our data by incorporating varying combinations of noise injection, pixelation,
image translation, cropping, resizing, and zooming [17,19,20]. Our BRAIN workflow was
able to automatically optimize our CNN model with the best possible combination of
transfer learning and data augmentation features to provide the highest predictive accuracy
for our classification task. Finally, to test the generalizability of our model, we tested BRAIN
on two external datasets, each with distinct MRI parameters.

Neuroglia 2024, 6, FOR PEER REVIEW    4  of 15 
 

 

achieve the highest possible prediction capabilities [17]. To further optimize our BRAIN 

model, we  implemented  data  processing  and  augmentation  techniques  as  previously 

described  in  the  literature  [17–21]. We  expanded  our  data  by  incorporating  varying 

combinations  of  noise  injection,  pixelation,  image  translation,  cropping,  resizing,  and 

zooming [17,19,20]. Our BRAIN workflow was able to automatically optimize our CNN 

model with  the best possible  combination of  transfer  learning and data augmentation 

features to provide the highest predictive accuracy for our classification task. Finally, to 

test  the generalizability of our model, we  tested BRAIN on  two external datasets, each 

with distinct MRI parameters.   

 

Figure 3. Schematic illustration of platform workflow. 

2.4. Improvements to CNN Models for Brain Tumors Classification 

To  improve  upon  previously  reported  efforts  in  brain  tumor  classification,  we 

utilized data pre-processing  (DP) and  transfer  learning  (TL)  techniques  to  improve  the 

efficiency and effectiveness of feature training [17–21]. Our DP workflow  implemented 

TensorFlow,  Keras,  and  PyTorch  to  perform  data  augmentation,  including  different 

permutations  of  image  resizing,  cropping,  noise  injection,  translation,  and  pixel 

normalization [17–21]. By artificially expanding various feature parameters of our training 

dataset, DP can increase the generalizability of a model to robustly train new images while 

reducing model overfitting [22].   

TL has been well studied in medical oncology to facilitate image classification [23]. 

TL  is an approach where a pre-trained model, previously trained on a  large dataset,  is 

adapted to a new related task with comparatively less data. By leveraging the knowledge 

learned from the initial training task, transfer learning can improve the performance and 

reduce  the  training and  resource allocation  for a new model.  In our TL workflow, we 

utilized GoogleNet, AlexNet, EfficientNet, BERT, Transformer, TensorFlow Hub, PyTorch 

Hub, ResNet-50, VGG-16, Inception V3, DenseNet201, Xception, and MobilleNet models 

to  transfer  the  trained parameter weights  to our new CNN model. We fine-tuned  this 

model using Bayesian optimization to automate robust hyperparameter space scanning 

and optimization [17–23]. Our improved CNN model was then used for the final brain 

tumor classification. 

   

Figure 3. Schematic illustration of platform workflow.

2.4. Improvements to CNN Models for Brain Tumors Classification

To improve upon previously reported efforts in brain tumor classification, we utilized
data pre-processing (DP) and transfer learning (TL) techniques to improve the efficiency
and effectiveness of feature training [17–21]. Our DP workflow implemented TensorFlow,
Keras, and PyTorch to perform data augmentation, including different permutations of
image resizing, cropping, noise injection, translation, and pixel normalization [17–21].
By artificially expanding various feature parameters of our training dataset, DP can in-
crease the generalizability of a model to robustly train new images while reducing model
overfitting [22].

TL has been well studied in medical oncology to facilitate image classification [23].
TL is an approach where a pre-trained model, previously trained on a large dataset, is
adapted to a new related task with comparatively less data. By leveraging the knowledge
learned from the initial training task, transfer learning can improve the performance and
reduce the training and resource allocation for a new model. In our TL workflow, we
utilized GoogleNet, AlexNet, EfficientNet, BERT, Transformer, TensorFlow Hub, PyTorch
Hub, ResNet-50, VGG-16, Inception V3, DenseNet201, Xception, and MobilleNet models
to transfer the trained parameter weights to our new CNN model. We fine-tuned this
model using Bayesian optimization to automate robust hyperparameter space scanning
and optimization [17–23]. Our improved CNN model was then used for the final brain
tumor classification.

3. Results
3.1. Systematic Review

Forty-seven studies that utilized CNN for brain tumor classification were included
(Table 1) [13,21,24–69]. Since their inception, CNNs have continued to undergo serial refine-
ments to maximize the robustness of brain tumor classification [17]. In 2012, AlexNet was
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the first revolutionary advancement that introduced consecutively stacked convolutional
layers. This was one of the best models for brain tumor image classification, with some
studies achieving nearly 99 percent accuracy [18,34,35,49]. The next breakthrough was
Visual Geometry Group (VGG), which built upon AlexNet, allowing for multiple layers
and further increasing the depth of CNN architecture [29,30,58,70]. Despite increasing
classification accuracies, one issue that quickly arose was the large computational expenses
and model overfitting that were seen with CNN-based classification models [21].

Table 1. Studies utilizing CNN for brain tumor classification.

Author (Year) Brain Tumor Subtypes Model Algorithm Average Accuracy (%) Dataset
Size Dataset Used

Abiwinanda
(2018) [23]

Glioma
Pituitary Adenoma

Meningioma
13-layer CNN 84.19 3064 Kaggle

Ge C (2018) [24]

IDH Mutation
IDH Wild-type

Gliomas with/without 1p19q
codeletion

Multistream CNN
and Fusion Network 90.13 444

MICCAI
BraTS 2017

Mayo Clinic

Deepak (2019) [25]
Meningioma

Pituitary
Glioma

GoogleNet 91.8 3064 Kaggle

Hemanth (2019) [26] Normal
Tumor CNN 94.5 220 NS

Kutlu (2019) [27]
Meningioma

Pituitary
Glioma

CNN–DWT–LSTM
hybrid 98.6 3064 NS

Ge C (2020) [28]
IDH Mutation
IDH Wild-type

Glioma (high vs. low grade)

GAN-augmented
Multi-stream 2D

CNN
88.62 485 TCGA

MICCAI

Khan HA (2020) [29] Benign tumor
Malignant tumor CNN 100 253 Kaggle

Khan MA (2020) [30] T1, T2, T1CE, and Flair

VGG16 and VGG19
feature extraction
and fusion, ELM

classification

95.73 BraTs2015/17/18

Manni (2020) [31] Normal
Glioblastoma Multiforme 3D–2D hybrid 80 26

In vivo HS
human-brain image

database

Mzoughi (2020) [32] Glioma (high v low grade) 3Ddeep CNN 96.49 284 BraTS-2018

Pei (2020) [33] Glioma (high v low grade) 3DCNN 48.4 335 BraTS-2019–2020
TCIA

Rehman (2020) [34]
Glioma

Pituitary Adenoma
Meningioma

AlexNet
GoogleNet
VGGNet

95.63 8934 Kaggle
Nanfang Hospital

Tandel (2020) [35]

Normal
Tumor

Astrocytoma
Oligodendroglioma

Glioblastoma Multiforme

AlexNet 99 NS REMBRANDT

Kader (2021) [36] Tumor, Normal Differential
Deep-CNN 99.25 25,000

Tianjin Universal
Center of Medical

Imaging and
Diagnostic (TUCMD)

El Kader (2021) [37] Normal
Tumor Hybrid CNN-DWA 98 3650 BRATS2012–2015

ISLES-SISS 2015

Hashemzehi (2021)
[38]

Normal
Meningioma

Pituitary
Glioma

Y-Net with NADE 82.91 6328 Figshare
Kaggle
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Table 1. Cont.

Author (Year) Brain Tumor Subtypes Model Algorithm Average Accuracy (%) Dataset
Size Dataset Used

Irmak (2021) [39]

Glioma
Pituitary Adenoma

Meningioma
Metastatic

25-layer CNN 92.66 424,486

RIDER
Repository of

Molecular Brain
Neoplasia Data
(REMBRANDT)

KAGGLE
TCGA-LGG

Kang (2021) [40]
Glioma

Pituitary Adenoma
Meningioma

CNN models with
machine-learning

classifiers
93.72 3064 Kaggle

Latif (2021) [41] Glioma (high v low grade) CNN 98.77 40,300 BRATS-2015

Murthy (2021) [42] Normal
Tumor

Optimized
Convolutional

Neural Network with
Ensemble

Classification
(OCNN-EC)

95.3 253
Kaggle website

(figshare, SARTAJ
dataset, Br35H)

Amou (2022) [43]
Meningioma

Pituitary
Glioma

optimized CNN 98.7 3064
Figshare

Tianjin Medical
University

Alanazi (2022) [44]
Glioma

Pituitary Adenoma
Meningioma

Developed
transfer-learned

CNN
96.33 3000 Kaggle

Almalki (2022) [45]

Normal
Meningioma

Pituitary
Glioma

22-layer deep feature
trained SVM 98 2970 Kaggle

Aurna (2022) [46] NS PCA + CNN 99.13 NS NS

Haq (2022) [47]

Normal
Meningioma

Pituitary
Glioma

ResNet50-CNN 99.9 253

Nanfang Hospital
Tianjing Medical

University
Kaggle

Ker (2022) [48] Normal
Glioma (high vs. low grade)

Google Inception V3
CNN 6154 Tan Tock Seng

Hospital

Kibriya (2022) [49]
Meningioma

Pituitary
Glioma

AlexNet, GoogLeNet,
ResNet18, feature

extraction and fusion,
SVM and KNN

classification

99.7 15,320 Figshare

Ramya (2022) [50] Normal
Tumor

MIDNet18 14-layer
CNN 98.54 4588 Kaggle

Sekhar (2022) [51]
Glioma

Meningioma
Pituitary

GoogLeNet NS NS NS

Srinivas (2022) [52] Normal
Tumor

VGG-16, ResNet-50,
and Inception-v3

models
88.2 233 Kaggle

Taher (2022) [53] NS BRAIN-TUMOR-net 93.67 NS NS

Tiwari (2022) [54]

Normal
Glioma

Meningioma
Pituitary

CNN 99 3264 Kaggle

Yazdan (2022) [55]

Glioma
Meningioma

Pituitary
Non-tumor

CNN 91.2 3264 Kaggle

Zahoor (2022) [56] Normal Tumor CNN 99.2 5058 CE-MRI
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Table 1. Cont.

Author (Year) Brain Tumor Subtypes Model Algorithm Average Accuracy (%) Dataset
Size Dataset Used

Abd El-Wahab
(2023) [57]

Meningioma
Pituitary
Glioma

BTC-fCNN 98.86 3064 Figshare

Al-Azzwi (2023) [58] Normal
Tumor

VGG-119, stacked
ensemble DL 96.6 50 Kaggle

AlTahhan (2023) [59]

Normal
Meningioma

Pituitary
Glioma

AlexNet-KNN 98.6 2880
Figshare
SARTAJ
Br35h

Alturki (2023) [60] Tumor, Normal CNN features +
voting classifier 99.9 3762 Kaggle

Khan (2023) [61] Normal
Tumor

XG-Ada-RF
(Ensemble of

Extreme Gradient
Boosting, Ada-Boost,
and Random Forest)

95.9 3762 Figshare

Kumar (2023) [62] Benign tumor
Malignant tumor Improved Res-Net 96.8 1572

ACRIN-DSC-MR-
Brain (ACRIN

6677/RTOG 0625)
CPTAC-GBM

ACRIN-FMISO-
Brain (ACRIN 6684)

Kurdi (2023) [63] Normal
Tumor

Harris Hawks
optimized CNN

(HHOCNN)
98 253 Kaggle

Muezzinoglu
(2023) [64]

Normal
Meningioma

Pituitary
Glioblastoma Multiforme

PatchResNet 98.1 3264
Kaggle website

(figshare, SARTAJ
dataset, Br35H)

Özkaraca (2023) [65]

Normal
Meningioma

Pituitary
Glioma

VGG16, ResNet 92 7021

Kaggle
Figshare
SARTAJ
Br35H

Rasheed (2023) [66]
Glioma

Meningioma
Pituitary

CNN (16-layer) 98.04 3064 Kaggle

Ravinder (2023) [67]

Normal
Meningioma

Pituitary
Glioma

Graph Neural
Network (GNN) 95.01 3264 Kaggle

ZainEldin (2023) [68] Normal Tumor BCM-CNN 99.98 3064 Figshare

Zhang (2023) [69]

Glioma
Meningioma

Pituitary
Normal

EFF_D_SVM 98.59 3264 Kaggle

Proposed BRAIN
model

Normal
Meningioma
Glioblastoma
Schwannoma
Astrocytoma

BRAIN 96.8 2611 Kaggle
Hospital Dataset

NS = Not specified; CNN = convolutional neural network.

GoogleNet, a 22-layer deep CNN developed at Google, addressed many of these prob-
lems by employing the Inception module, which used a single convolutional image block
(max pooling and three varying filter sizes) that could be concatenated and passed onto the
next layer [71]. Many studies have incorporated these frameworks in combination, some of
which add extra convolutional layers to further reduce computation expenses [25,34,48–52].
Given the limited availability of large robust training datasets, many CNN architectures
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rely on transfer learning and data augmentation techniques to increase model efficiency
and performance. However, issues regarding vanishing gradients leading to accuracy
saturation have necessitated further development of CNN architecture.

Vanishing gradients occur during the training of CNN, in which the gradients used to
update subsequent network layers “vanish” during backpropagation, limiting the ability
to learn and tune earlier layers in the network [21]. ResNet helped to mitigate such issues
by incorporating residual skip-connection blocks that contain altered activation functions
called rectified linear units (ReLU) [21,47,49,52]. More recently, DenseNet was created to
further reduce the accuracy loss associated with vanishing gradients by implementing dense
connections (DenseBlocks) between layers. By connecting all feature maps of proceeding
layers to feedforward as the input into all subsequent layers, you can effectively shorten
network connections, leading to reduced parameters and more accurate and efficient
computation [72].

These landmark advancements in CNN architecture have allowed others to fine-tune
and extract various elements for more advanced classification tasks. Ge C et al. utilized
multistream CNN to not only classify tumor subtypes but also to subcategorize gliomas
with or without IDH and 1p19q mutations [28]. Similarly, 3DCNN and hybrid CNNs
were utilized to classify low- versus high-grade gliomas [32,33,41,48]. Xie et al. were
able to further categorize brain tumors into four grades (Grade I, II, III, and IV) and
five levels (AST-II, AST-III, OLI-II, OLI-III, and GBM classifications) [21]. To date, the
significant development of CNN architecture is continuously expanding classification and
segmentation capabilities for diagnosing and managing brain tumors. However, important
limitations regarding computational costs, clean energy computing, model generalizability,
and learning curve limit the integration and widespread use of DL in various clinical
settings [21]. In an effort to address these limitations, we propose a clean-energy cloud-
based computing platform that enables virtually any physician, regardless of computational
knowledge, to classify brain tumors cost-effectively.

3.2. Evaluation Metrics

To evaluate our deep learning model based on CNN architecture for the classification
of brain tumors (tumor-free, glioblastoma, astrocytoma, meningioma, and schwannoma),
we conducted standard evaluation measures, including precision, recall, and accuracy.
From the proposed method obtained by using our dataset, three statistical indices, namely
true positive (TP), false positive (FP), false negative (FN), and true negative (TN), were
calculated and used to evaluate the performance of the proposed classification system, as
shown below (Rasool et al.) [73].

Accuracy = (TP + FN) ÷ (TP + FN + TN + FN) (1)

Precision = TP ÷ (TP + FP) (2)

Recall = TP ÷ (TP + TN) (3)

3.3. Performance Analysis

Figures 4 and 5 illustrate the overall performance and area under the precision–recall
curve (AUC). Our results show that the proposed system classified the brain tumors success-
fully and efficiently with an overall precision value of 96.8% for all five labels using single-label
classification. When analyzed for individual labeling accuracy, our model demonstrated AUC
(area under receiver operating characteristic curve) values of 99.2% for glioblastoma, 98.4% for
schwannoma, 97.7% for astrocytoma, 97.2% for meningioma, and 94.5% for normal tumor-free
controls. After deploying our model to classify images from two different external datasets,
we achieved an average AUC value of 98.2% for glioblastoma, 94.5% for schwannoma, 97.7%
for astrocytoma, 98.3% for meningioma, and 99.1% for normal tumor-free controls. These
findings highlight the robust performance of our optimized CNN in classifying four major
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subtypes of brain tumors as well as the generalizability to maintain classification accuracy
with images using different MRI parameters.
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3.4. Cost-Effectiveness

In addition to improving the classification accuracy of our BRAIN model, we were
able to develop a cost-effective platform that reduced our overall resource use. By focusing
on enhancing automated optimized learning, we were able to reduce the total time of
our entire workflow (i.e., from image acquisition to CNN model training and to model
performance evaluation) to 103 min. By using cloud computing and storage platforms and
clean energy supercomputing resources, we were able to cut our total cost to $0. Owing
to the rising concerns of increasing carbon footprint due to the increasing use of artificial
intelligence, we ensured that our platform utilized clean energy. We estimated our carbon
footprint using the following machine learning emissions calculator formula:

250 W × 1 h = 0.25 kWh × 0.57 kg eq. CO2/kWh = 0.14 kg eq. CO2 (4)

Future iterations of model training can utilize specific computing resources that can
reduce carbon emission to 0 kg eq. CO2 [74].

4. Discussion
4.1. Our Model Compared to the Current Literature

Several studies have explored the use of deep learning models for brain tumor classifi-
cation based on magnetic resonance imaging (MRI) scans using various algorithms and
techniques. A survey conducted by Biratu et al. provides an overview of brain tumor seg-
mentation and classification algorithms, highlighting the challenges and time-consuming
nature of manual segmentation [12]. The research community has been striving to develop
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automatic methods that are non-invasive and can aid in the diagnosis process, avoiding
the need for biopsy [10,21].

Our model is unique compared to previous models due to its innovative approach
to brain tumor classification. We have developed a purely cloud-based platform that
combines the strengths of deep learning models with the versatility of automated cloud
storage, computing, and deployment. These benefits can potentially enhance the accuracy
and efficiency of brain tumor classification, ultimately improving patient outcomes and
treatment planning.

Our platform offers several notable benefits compared to existing approaches. Firstly,
our model takes into consideration the environmental impact by prioritizing a low-carbon
footprint. We have implemented efficient algorithms and optimized computational pro-
cesses to minimize energy consumption during the classification process. This eco-friendly
approach aligns with the growing need for sustainable solutions in healthcare [10,21].

Ease of use is another significant advantage of our platform. We have designed
an intuitive user interface that simplifies the workflow for medical professionals. The
platform provides a seamless experience, allowing users to upload MRI scans, initiate the
classification process, and access the results effortlessly. This user-friendly interface ensures
that our platform can be readily adopted in clinical settings, even by users with limited
technical experience with machine learning platforms.

Furthermore, our platform leverages available resources effectively. By utilizing deep
learning models and advanced image processing techniques, we optimize the use of compu-
tational resources without compromising accuracy. This resource-efficient approach enables
scalability, making our platform suitable for handling large datasets and accommodating
future advancements in brain tumor classification [10,21,75].

4.2. Current Limitations of Brain Tumor Classification Models

While image classification models for brain tumors have shown promising results,
they still face certain limitations. One of the main challenges is the need for large annotated
datasets for training deep learning models effectively. The availability of high-quality la-
beled data is crucial for achieving optimal performance. However, obtaining such datasets
can be a time-consuming and resource-intensive process. Additionally, the manual annota-
tion process itself can introduce subjective biases and inconsistencies [9].

Overfitting is another common issue with deep learning platforms. This occurs when an
algorithm learns the systematic and random fluctuations in the data so well that it negatively
impacts the ability to classify new data. This leads to reduced generalizability, which is needed
to adequately perform in various clinical settings [22]. Brain tumor classification models
trained on specific datasets may not perform as effectively on unseen data from different
sources or patient populations. This lack of generalizability can hinder the widespread
adoption of these models in clinical practice [22]. Further research and development are
required to address these limitations and enhance the robustness of the models.

4.3. Limitations of Our Models

While our platform offers numerous benefits, it also has certain limitations. One
of the primary limitations is the interpretability of the deep learning models used for
classification. Deep learning models are seldom analyzed to understand which features
are most important, making it challenging to understand the underlying decision-making
process. Interpretability is crucial in the medical domain, where clinicians need to justify
and explain the reasoning behind diagnostic results [76]. Addressing this limitation and
improving the interpretability of our models are areas of ongoing research. Another
limitation is the potential for false positives or false negatives in the classification of
results. Despite the high accuracy achieved by our models, there is always a possibility of
misclassification. False positives can lead to unnecessary interventions or treatments, while
false negatives may result in missed diagnoses. Continuous refinement and validation of
our models are necessary to minimize these errors and ensure reliable outcomes.
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4.4. Future Direction of Brain Tumor Classification

Looking ahead, the future of image classification for brain tumors holds great poten-
tial. Improvements in data availability, including larger and more diverse datasets, will
contribute to the development of more accurate and robust models. Additionally, more
refined models can better grade tumor progression or be used to predict tumor recurrence.
Surgically, deep learning models can harness image segmentation to quantify unresected
tumor volumes.

To address the limitations of current models, future research should focus on inter-
pretability and generalizability. Developing techniques to enhance the explainability of
deep learning models will increase their acceptance and trust in clinical practice. Interrogat-
ing the explainability of models can allow clinicians to understand the steps and features
that most greatly influence classification tasks [76]. Additionally, exploring transfer learn-
ing and domain adaptation methods can improve the generalizability of models, enabling
them to perform well with new clinical data.

Moreover, the integration of multimodal data, such as combining MRI with other
imaging modalities or clinical data (i.e., pathological specimens), holds promise for im-
proving the accuracy and reliability of brain tumor classification. Fusion of complementary
information from different sources can provide a more comprehensive understanding of
tumor characteristics, help predict tumor burden and recurrence, and aid in treatment
planning [10,21].

5. Conclusions

We have developed an improved CNN model that can accurately classify brain tumors
in brain MR images for the purpose of diagnosing brain cancer. Our experimental results
showed that our proposed model performed robustly and can be easily applied in healthcare
systems. Our model offers several advantages over existing approaches, including a low-
carbon footprint, ease of use, and resource optimization. However, challenges remain in the
field of image classification for brain tumors, such as the need for larger annotated datasets
and improved interpretability. By addressing these limitations and focusing on interpretability
and generalizability, the future of image classification for brain tumors holds great promise in
enhancing diagnostic accuracy, treatment planning, and patient outcomes.
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