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Abstract: Magnetic Resonance Imaging (MRI) is vital in diagnosing brain tumours, offering crucial in-
sights into tumour morphology and precise localisation. Despite its pivotal role, accurately classifying
brain tumours from MRI scans is inherently complex due to their heterogeneous characteristics. This
study presents a novel integration of advanced segmentation methods with deep learning ensemble
algorithms to enhance the classification accuracy of MRI-based brain tumour diagnosis. We conduct
a thorough review of both traditional segmentation approaches and contemporary advancements
in region-based and machine learning-driven segmentation techniques. This paper explores the
utility of deep learning ensemble algorithms, capitalising on the diversity of model architectures
to augment tumour classification accuracy and robustness. Through the synergistic amalgamation
of sophisticated segmentation techniques and ensemble learning strategies, this research addresses
the shortcomings of traditional methodologies, thereby facilitating more precise and efficient brain
tumour classification.

Keywords: ensemble algorithm; image segmentation; magnetic resonance imaging; brain neoplasm;
neural networks; categorisation

1. Introduction

The human brain, the body’s most complex organ, regulates various physiological
functions, including sensory integration. Brain tumours (BTs), among the most common
global malignancies, disrupt these functions, leading to severe consequences, including
death [1,2]. Average cellular turnover involves programmed cell death and regeneration,
but BTs cause uncontrolled cell proliferation, impairing brain functions. BTs can be malig-
nant or benign, with symptoms like fever, headaches, and cognitive decline, often leading
to fatality [3,4].

The early and accurate detection of BTs is crucial for improved patient outcomes.
Medical imaging modalities like MRI, CT, and PET scans are used. MRI, favoured for
high-resolution images, uses contrast agents like gadolinium to differentiate pathological
tissues. Computer-aided diagnosis (CAD) systems analyse these tissues for precise BT
detection [5].

Brain tumours are categorised according to their origin, type, and malignancy, ranging
from benign Grade I to aggressive Grade IV, influencing treatment approaches [6–12]. Both
Machine Learning (ML) and Deep Learning (DL) improve the accuracy of brain tumour
classification [1]. While ML methods such as SVM and KNN are effective, they necessitate
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manual feature extraction. In contrast, DL, mainly through Convolutional Neural Networks
(CNNs), automates feature learning, enhancing diagnostic precision [13,14].

Recent advancements in AI, especially DL, have revolutionised BT detection. CNNs
and ensemble learning methods combine multiple models to enhance classification accuracy
and robustness [15]. This paper explores integrating segmentation and ensemble learning
techniques for MRI-based BT classification, discussing advancements, clinical implications,
and future research directions to improve patient treatment and outcomes [16–43].

An overview of such primary deep learning-based brain tumour segmentation tech-
niques shows the effectiveness of these methods (Figure 1):
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These techniques highlight the advancements in segmentation methods, contributing
to more accurate and efficient brain tumour classification. This paper explores integrating
these sophisticated segmentation techniques with ensemble learning strategies, addressing
traditional methodologies’ shortcomings, thereby facilitating more precise and efficient
brain tumour classification [44].

2. Materials and Methods

Integrating segmentation methods and deep learning ensemble algorithms encom-
passes diverse techniques and architectures, each contributing to enhancing MRI-based
brain tumour classification. Deep learning models are at the core of this integration, which
leverage neural networks’ hierarchical representation learning capabilities to extract dis-
criminative features from MRI data. Some such blocks contain DCNNs, Deep Convolutional
Neural Networks (DCNNs), convolutional neural networks (CNNs), Recurrent Neural
Networks (RNNs), Long Short-Term Memory networks (LSTMs), Deep Neural Networks
(DNNs), Deep Autoencoders (AEs), and Generative Adversarial Networks (GANs) [45–47].
DCNNs have emerged as the cornerstone of medical image analysis, offering superior
performance in image segmentation and classification tasks. By employing multiple lay-
ers of convolutional filters, DCNNs can effectively capture spatial hierarchies and learn
complex patterns from MRI data, enabling accurate tumour segmentation and feature
extraction. CNNs, a subset of DCNNs, have demonstrated remarkable success in various
image analysis tasks, including brain tumour classification. By leveraging convolutional
layers and pooling operations, CNNs can extract local features from MRI images, provid-
ing valuable tumour characterisation and classification information. RNNs and LSTM
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networks offer unique advantages in processing sequential data, making them well-suited
for tasks involving temporal dynamics and spatial relationships within MRI sequences.
By modelling sequential dependencies, RNNs and LSTMs can capture temporal patterns
in tumour progression and enhance classification accuracy. DNNs encompass a broad
class of neural network architectures with multiple layers of interconnected nodes. These
networks can learn intricate representations from high-dimensional data, making them
suitable for complex tasks such as brain tumour classification. AEs leverage unsupervised
learning principles to extract latent representations of input data. By learning to reconstruct
input images from compressed representations, deep autoencoders can capture meaningful
features and reduce data dimensionality, facilitating more efficient classification [48]. GANs
offer a novel approach to data generation and representation learning by training two
neural networks simultaneously: a generator and a discriminator. GANs can generate
realistic synthetic images that resemble real MRI data, providing valuable augmentation
for training deep learning models and enhancing their generalisation capabilities [49,50].

Integrating suitable segmentation methods with deep learning-based ensemble al-
gorithms for MRI-based brain tumour classification aims to enhance the accuracy and
robustness of tumour analysis. Here is a brief overview of each component:

1. Segmentation: Suitable segmentation methods aim to accurately identify tumour
regions in MRI images, separating them from healthy tissues. This involves threshold-
ing, region growing, active contours, and machine learning-based approaches [51,52].
The choice of method depends on the tumour’s complexity and the data quality [53].

2. Ensemble algorithms: Deep learning-based algorithms combine multiple models to
create a more accurate and robust classification system. They can be used to train on
different types of data and integrate the predictions of various models to produce a
final result. This approach can help reduce errors and improve the overall accuracy of
the classification task [54].

By combining these two techniques, researchers can create a powerful tool for analysing
MRI images and detecting tumours with greater accuracy and reliability. Deep learning-
based ensemble algorithms utilise the diversity of multiple models to enhance classification
accuracy and robustness by combining their predictions. Techniques such as bagging,
boosting, and stacking combine the output of various models into a collective decision. In
the case of brain tumour classification, convolutional neural networks (CNNs) trained on
segmented regions of the tumour are utilised to extract discriminatory features that are
then fed into ensemble algorithms for final classification [52].

The process of combining segmentation methods with deep learning ensemble algo-
rithms includes the following steps:

Segmentation of tumour areas: Utilize suitable segmentation techniques to identify
tumour regions within MRI images. This involves preprocessing the data, applying appro-
priate segmentation algorithms, and creating segmented masks for the tumour areas [51].

Feature extraction: Extract features from segmented tumour regions using deep learn-
ing models such as CNNs. Train these models on the segmented regions to learn features
that can capture patterns and characteristics specific to brain tumours [52].

Ensemble learning: Use ensemble learning techniques to combine the predictions of
multiple deep learning models. This could involve training different CNN architectures
with different initialization parameters, and then combining their predictions by averaging,
voting, or other ensemble methods [55].

Classification: Use the combined predictions from the ensemble to classify tumours
into different categories. The final classification can be based on the consensus of the
individual models’ predictions, with each model’s contribution weighted according to its
performance or confidence level [53].

By integrating appropriate segmentation techniques with deep learning ensemble
algorithms, researchers seek to enhance the accuracy, dependability, and generalizability
of MRI-driven brain tumour classification models. This integrated strategy enables more
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accurate tumour analysis, facilitating improved treatment planning and patient care in
neuro-oncology [51,56].

The study employed transfer learning with five pre-trained CNN models: AlexNet,
VGG16, GoogleNet, ResNet18, and ResNet50, all originally trained on the ImageNet dataset.
It also provides a detailed discussion of each model’s architecture:

1. AlexNet:

Alex Krzyzewski introduced AlexNet in the 2012 Large-Scale Visual Recognition
Challenge (ILSVRC). It won the competition with a top-five error rate of 15.3%, surpassing
the state-of-the-art models of that time, which had error rates of 10.8% or higher [51].
Initially trained on two GPU machines, AlexNet now requires only one GPU. It is a
relatively shallow network with eight layers, comprising five convolutional layers (Conv)
followed by three fully connected (FC) layers [52].

The architecture includes layers with three different filter sizes (11 × 11, 5 × 5, and
3 × 3), data augmentation, dropout, and max pooling operations [53]. Notably, the tradi-
tional sigmoid activation function SF(x) was replaced with the rectified linear unit (ReLU)
activation function to address the vanishing gradient problem associated with sigmoid
functions [53]. This change enhanced the training stability of the model by preventing
the learning process from halting when the gradient approaches zero using the following
equations [52]:

1. Sigmoid function (Equation (1)):

SF(x) =
1

1 + exp (−x)
(1)

2. Rectified linear unit (ReLU) function (Equation (2)):

Re Lu(x) = Max(0, x) (2)

The transition from the sigmoid to the ReLU activation function was due to the
vanishing gradient problem associated with the sigmoid function. The gradients become
very small as inputs move away from zero, causing the learning process to stall. In contrast,
ReLU produces non-zero gradients for positive inputs, which prevents gradient saturation
and speeds up learning [55].

2. VGG16:

VGGNet, developed by the Visual Geometry Group (VGG) Lab at Oxford University
in 2014, secured top positions in the ILSVRC 2014 challenge [53]. Designed by Karen
Simonyan and Andrew Zisserman, VGGNet achieved a top 5% test accuracy score of 92.7%.
This study uses the VGG16 version, which includes 13 convolutional layers and 3 fully
connected layers [52]. It utilises small (3 × 3) convolution filters with a stride size of 1 and
the same padding throughout all convolutional layers [51]. Additionally, it employs (2 × 2)
filters for pooling with a stride size of 2. The default input size for images in VGG16 is
224 × 224 [52].

The VGG16 model is a convolutional neural network (CNN) architecture proposed by
the Visual Geometry Group at the University of Oxford. Its name derives from the fact that
it is composed of 16 convolutional and fully connected layers, resulting in a deep network
architecture. Despite this considerable depth, VGG16 follows a simple and uniform design,
utilising small 3 × 3 convolutional filters with max pooling layers interspersed throughout
the network. While this approach may seem relatively straightforward, VGG16 had a
competitive performance on various image classification benchmarks. Consequently, the
VGG16 architecture has been widely adopted as a baseline model in numerous studies and
applications across the field of computer vision [12].
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3. GoogleNet (Inception v1):

GoogleNet, introduced by Google’s research group in 2014 with the paper “Going
Deeper with Convolutions”, secured first place in the ILSVRC 2014 competition with a
remarkable top 5 error rate of 6.67%. With 22 layers, GoogleNet’s design was inspired
by LeNet. Its architecture uses tiny (1 × 1) convolution filters to reduce the number of
intermediate parameters, lowering the parameter count from 60 million in AlexNet to
4 million [53].

In 2014, researchers at Google developed GoogleNet, also known as Inception v1, a
convolutional neural network (CNN) architecture. The critical characteristic of GoogleNet
is its deep and wide architecture, which features multiple parallel convolutional pathways.
The core innovation of this model was the introduction of inception modules, which per-
form convolutions with multiple filter sizes and concatenate the output feature maps. By
leveraging diverse receptive fields at different scales, GoogleNet achieved competitive
performance using fewer parameters than traditional CNN architectures. The inception
module concept has been further refined in subsequent versions of the model, such as
Inception v2 and Inception v3, to improve efficiency and performance. Some of the other
notable architectural choices in GoogleNet use 1 × 1 filters to limit the number of param-
eters, the incorporation of global average pooling at the end to reduce feature map size
and increase accuracy while decreasing trainable parameters, and use inception modules
that employ fixed convolutions of different sizes (1 × 1, 3 × 3, 5 × 5) along with 3 × 3 max
pooling. This multi-scale approach helps the model effectively manage objects at various
scales. Additionally, GoogleNet introduced intermediate classifier branches, such as the
Auxiliary Classifier, to provide regularisation and address vanishing gradient issues during
training. These innovations have contributed to the strong performance and efficiency of
the GoogleNet family of models across various computer vision tasks [12].

4. ResNet18 and ResNet50:

The Residual Network (ResNet), created by Kaiming and his team at Microsoft Re-
search, was introduced at ILSVRC 2015. It won the classification task with an impressive
3.57% error rate on the ImageNet test set [52]. ResNet is distinguished by its ability to
address the vanishing gradient problem, allowing for the effective training of intense
neural networks.

One of ResNet’s key advantages is its ability to manage deep architectures while
minimising computational complexity and training time. ResNet is available in various
versions, such as ResNet18, ResNet50, and ResNet101 [53].

In this study, ResNet18 and ResNet50 were employed. ResNet18 consists of 18 layers,
while ResNet50 comprises 50 layers. These variations allow flexibility in balancing model
complexity and computational resources, catering to different application needs [52].

ResNet, short for Residual Network, is a family of convolutional neural network
(CNN) architectures introduced by Microsoft Research in 2015. The critical innovation
of ResNet is its ability to address the problem of vanishing gradients in deep networks
by incorporating skip or residual connections. Two prominent variants of the ResNet
architecture are ResNet18 and ResNet50, which have 18 and 50 layers, respectively. These
models utilise residual blocks, where the input is added to the output of the block, allowing
for easier optimisation of very deep networks. This residual connection helps the model
learn the difference or “residual” between the input and the desired output rather than
learning the complete transformation from scratch. The ResNet architectures have demon-
strated superior performance in image classification tasks, particularly on datasets with
many classes or challenging visual patterns. By employing these residual connections,
ResNet models can overcome the vanishing gradient issue when training very deep neural
networks. This leads to improved performance and the ability to leverage the increased
depth of the model effectively [55].

Figure 2 shows a schematic diagram of an artificial intelligence-based system designed
for tumour detection and segmentation in medical images.
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Figure 2. Proposed framework of tumour detection and segmentation.

This diagrammatic representation systematically encapsulates the fusion of convo-
lutional neural networks with sophisticated classification algorithms, crafting a compre-
hensive medical imaging solution. This integration aims to elevate diagnostic precision
and contribute positively to enhanced healthcare outcomes. The pipeline initiates with
the acquisition of source medical images, which are subjected to a series of pre-processing
techniques. These techniques typically include normalisation to adjust the pixel values for
uniformity across different images, as well as other image-enhancement methods aimed
at improving the visual clarity and feature consistency essential for subsequent analysis.
The conditioned images are then input into a cascade of convolutional layers. Within
each layer, a set of trainable filters executes spatial feature extraction by convolving with
the image matrix, thereby capturing hierarchical patterns essential for complex pattern
recognition. Post convolution, a rectified linear unit (ReLU) activation function is applied
to each feature map to introduce non-linear transformations, which are crucial for learning
non-linear complexities in image data. Followed by selective convolutional layers, max
pooling operations are executed to downsample the spatial dimensions of the feature
maps. This step is pivotal in reducing the computational demand and mitigating the risk
of overfitting by emphasising the most salient features and suppressing the less relevant
ones. The architecture further includes additional convolutional layers that refine the depth
and granularity of feature extraction. Transposed convolutional layers, often referred to
as deconvolutional layers, are employed to progressively rescale the feature maps back
to higher resolutions, a process essential for maintaining spatial integrity in tasks such as
image segmentation. The culmination of the neural network’s processing is the generation
of a segmented image. This output distinctly isolates and delineates the regions of interest,
such as tumours, from the non-relevant background, enabling precise medical evaluations.
Concurrently, the feature maps are exploited in a classification framework, where an SVM
classifier operationalizes an entropy-based feature selection methodology. This approach
rigorously identifies and utilises the most discriminative features for robust classification
of tumour presence. To augment the model’s efficacy, fine-tuning is conducted using
MobileNetV2 (Figure 3), a streamlined deep neural network architected for enhanced com-
putational efficiency on mobile and edge devices. This step aims to optimise the trade-off
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between computational speed and model accuracy. The integrated system outputs both the
classification results—indicating the presence or absence of tumours—and the segmented
images visually highlighting the tumour regions.
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Several key performance metrics are commonly used in the context of a binary clas-
sification problem, such as tumour detection. True Positive (TP) represents the number
of correctly identified positive samples, meaning those with tumours. False Positive (FP)
refers to the number of incorrectly identified positive samples or those without tumours.
True Negative (TN) denotes the number of correctly identified negative samples or those
without tumours. Conversely, False Negative (FN) indicates the number of incorrectly
identified negative samples or those with tumours. Accuracy, as described in a relevant
equation, represents the proportion of correctly identified samples in the data. These
metrics provide a comprehensive assessment of the model’s performance in distinguishing
between the presence and absence of tumours in the given dataset [1]. Equations (5)–(9)
describe the commonly used evaluation criteria for this study:

Accuracy =
(Tp − Tn)

(Tp + Fp + Tn + Fn)
(3)

Precision is a performance metric representing the proportion of correctly identified
positive samples among all those identified as positive by the model. Recall is the ratio of
correctly identified positive samples to the total number of positive samples. The F1 score
is a composite metric combining precision and recall into a single value.

Precision =
Tp

(Tp + Fp)
(4)

Recall =
Tp

(Tp + Fn)
(5)

F1 − score =
2 (Precision × Recall)
(Precision + Recall)

(6)

The Dice coefficient is like the Intersection over Union (IoU) and ranges from 0 to 1,
with 1 indicating the highest similarity between the predicted segmentation and the ground
truth. This coefficient evaluates the effectiveness of automated probabilistic fractional
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segmentation of MR images and the accuracy of manual segmentations regarding spatial
overlap.

SC =
Tp(

1
2

)
(2Tp + Fp + Fn)

(7)

Intersection over Union (IoU) is a performance metric used to evaluate the accuracy of
object detection models. It compares the overlap between the predicted positive regions
(including both true positives and false positives) and the actual positive regions (including
both true positives and false negatives) in the dataset. The intersection of these sets
represents the true positive (Tp) detections, while the union encompasses the true positives,
false positives (Fp), and false negatives (Fn).

oU =
Tp

(Tp + Fp + Fn)
(8)

The Similarity Index (SI) is a performance metric used to assess the accuracy of
tumour detection models. It measures the similarity between the ground truth annotations
representing the actual tumour regions and the model’s segmentation output, which
identifies the predicted tumour regions. A higher SI value indicates a closer match between
the predicted segmentation and the ground truth, signifying a more accurate detection of
the tumour areas.

SI =
2Tp

(2Tp + Fp + Fn)
(9)

These evaluation metrics are essential for assessing the performance of brain tumour
detection and classification models. They measure the models’ ability to correctly identify
positive (tumour-containing) and negative (tumour-free) samples and differentiate between
different types of tumours. Metrics such as True Positive, False Positive, True Negative,
False Negative, Accuracy, Precision, Recall, F1 score, Intersection over Union, and Similarity
Index comprehensively evaluate the model’s performance in various tumour detection and
classification aspects.

3. Dataset

To evaluate the performance of our methods, we used the BRATS 2018 dataset (Menze
et al., 2015; Bakas et al., 2017 a, b, c, 2018). The training set comprised images from
285 patients, including 210 with high-grade gliomas (HGG) and 75 with low-grade gliomas
(LGG). The validation set included MRI scans from 66 patients with brain tumours of an
unknown grade, as predefined by the BRATS challenge organisers. The test set consisted
of images from 191 brain tumour patients. Of these, 77 had undergone Gross Total Resec-
tion (GTR). Their data was used to evaluate the model’s ability to predict survival.Each
patient was scanned using T1, T1Gd, T2, and FLAIR. Each image was skull-stripped and
resampled to a uniform resolution of 1 mm3 in all dimensions. The sequences for each
patient were aligned to ensure consistency. Experts manually created the ground truth
segmentation masks.

The model’s performance was assessed on the validation and test sets using the CBICA
Image Processing Portal, available at ipp.cbica.upenn.edu. Segmentation annotations
included tumour subtypes such as necrotic/non-enhancing tumour (NCR), peritumoral
oedema (ED), and gadolinium-enhancing tumour (ET).

Below is listed the step-by-step process of training deep learning models for brain
tumour classification:

Data Preparation:

1. Dataset collection: We started by collecting a comprehensive dataset of MRI scans,
such as the BRATS (Brain Tumor Segmentation Challenge) series from 2013 to 2019.
This dataset included thousands of MRI images with corresponding annotations
indicating tumour regions.
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2. Image preprocessing: The collected images underwent several preprocessing
steps. This included bias field correction to address intensity inhomogeneities,
intensity normalisation to standardise pixel values, and data augmentation tech-
niques such as rotations, flips, and zooms to increase the dataset’s variability and
improve model robustness.

Segmentation:

3. Tumour segmentation: Suitable segmentation methods were applied to accurately
identify tumour regions within the MRI images. Techniques like thresholding, region
growth, and active contours created segmented masks that separated tumours from
healthy tissues.

Feature Extraction:

4. Feature extraction: Deep learning models extracted features from the segmented tumour
regions, particularly convolutional neural networks (CNNs). CNNs were trained in
these regions to learn distinctive features and patterns specific to brain tumours.

Model Selection and Initialization:

5. Model selection: We chose five pre-trained CNN models—AlexNet, VGG16, GoogleNet,
ResNet18, and ResNet50—each renowned for their effectiveness in image analysis
tasks. These models were initially trained on the ImageNet dataset.

6. Transfer learning: We applied transfer learning to tailor these models specifically for
brain tumour classification. This process involved fine-tuning the pre-trained models
on our MRI dataset, enabling them to utilise pre-learned features while adapting to
the nuances of medical images.

Training Process:

7. Training image pairs: The training involved using pairs of MRI images and their
annotated labels. Approximately 2000 MRI images with corresponding annotations
were used.

8. Training parameters: we experimented with various training parameters, such as
learning rate and batch size, to find the optimal settings for each model.

9. Regularization techniques: regularization methods, including dropout and early
stopping, were employed to prevent overfitting and ensure the models generalise
well to new data.

10. Training duration: the training process was conducted over 72 h on an NVIDIA Tesla
V100 GPU, utilising its computational power to handle extensive data and complex
computations.

Ensemble Learning:

11. Ensemble learning: To enhance classification accuracy and robustness, ensemble
learning techniques like bagging, boosting, and stacking were used. These meth-
ods combined the predictions of multiple models, producing a final, more accurate
classification result.

Evaluation and Fine-Tuning:

12. Model evaluation: The trained models were evaluated using various metrics, in-
cluding accuracy, sensitivity, specificity, and the Dice coefficient index. Based on the
evaluation results, fine-tuning was performed to further improve performance.

We meticulously followed these steps and ensured our models were well-prepared
and optimised for accurate and robust brain tumour classification [3,5,9].

4. Results

Figure 4 presents a sequence of MRI scans illustrating the detection and segmentation
process of a meningioma, a type of brain tumour.
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Figure 4. Meningioma identification in brain MRI.

This diagrammatic representation systematically encapsulates the fusion of convolu-
tional neural networks with sophisticated classification algorithms, crafting a comprehen-
sive medical imaging solution. This integration aims to elevate diagnostic precision and
contribute positively to enhanced healthcare outcomes. The first image on the left displays
a transverse section of a brain MRI scan. It prominently shows a large, hyperintense mass
in the cerebral tissue, characteristic of a meningioma. The mass appears white on the
T1-weighted MRI image due to its contrast enhancement, indicating the presence of a
dense, extra-axial tumour. The middle image is a binary mask highlighting the segmented
tumour. This mask simplifies the image to show only the tumour region, isolated from
the surrounding brain structures. Here, the tumour is depicted as a pure white area on
a black background, emphasising the exact shape and boundaries of the meningioma as
identified by image processing algorithms. The final image on the right reintroduces the
context of the original MRI scan, overlaying a yellow outline that demarcates the perimeter
of the tumour. This outline visualises the tumour’s extent and spatial relationship to nearby
brain structures, crucial for surgical planning or targeted therapies. This series effectively
demonstrates the application of image processing techniques in medical imaging, specifi-
cally for tumour identification, isolation, and data preparation for further clinical analysis
or intervention.

Integrating suitable segmentation methods with a deep learning-based ensemble
algorithm offered several advantages, including improved accuracy, robustness, and
interpretability—however, challenges such as dataset bias, class imbalance, and com-
putational resources needed to be addressed.

Overall, the results demonstrated that the proposed approach could enhance the
performance of MRI-based brain tumour classification, contributing to improved patient
outcomes and personalised treatment strategies.

Table 1 compares the specific attributes and characteristics of commonly used pre-
trained CNN architectures, including AlexNet, VGG16, GoogleNet, ResNet18, and ResNet50.
Each architecture is evaluated based on layer count, input size, model description, unique
features, top-five error rates, and the total number of parameters in millions.



Appl. Sci. 2024, 14, 7281 11 of 20

Table 1. Key attributes and characteristics of the pre-trained CNN architectures used.

Attributes AlexNet VGG16 GoogleNet ResNet18 ResNet50

Number of Layers 8 16 22 18 50

Input Size 227 × 227 × 3 224 × 224 × 3 224 × 224 × 3 224 × 224 × 3 224 × 224 × 3

Model
Description

Five convolutional
layers, 3 FC layers

13 convolutional
layers, 3 FC layers

21 convolutional
layers, 1 FC layer

17 convolutional
layers, 1 FC layer

49 convolutional
layers, 1 FC layer

Unique Features

Local Response
Normalization,

Overlapping Max
Pooling

Object Localization
and Image

Classification

1 × 1 Convolution,
Global Average

Pooling, Inception
Module

Skip Connections Skip Connections

Top-Five
error rate 15.3% 7.3% 6.67% 3.57% 3.57%

Number of
Parameters
(millions)

60 138 4 11.4 23.9

The data from Table 1 underscore the varied design principles and efficiencies inherent
in each CNN architecture, offering insights into their suitability for specific image process-
ing and pattern recognition tasks. The top column indicates the total number of layers in
each model, reflecting their depth: AlexNet has 8 layers, VGG16 has 16, GoogleNet has
22, ResNet18 has 18, and ResNet50 has 50 layers. Except for AlexNet, which processes
images of 227 × 227 pixels, all other models handle images of 224 × 224 pixels with three
colour channels (RGB). The Model Description column outlines the composition of each
architecture in terms of convolutional (Conv) and fully connected (FC) layers. For instance,
AlexNet includes 5 convolutional layers and three fully connected layers, while ResNet50
features 49 convolutional layers and 1 fully connected layer. Each model has unique fea-
tures that enhance its functionality. AlexNet incorporates local response normalization
and overlapping max pooling. VGG16 is noted for its deeper layer structure. GoogleNet
integrates object localization and image classification, employs 1 × 1 convolutions, utilises
global average pooling, and includes an inception module. ResNet architectures (ResNet18
and ResNet50) are characterised by their use of skip connections, which help mitigate the
vanishing gradient problem during training. The Top-Five Error Rate column indicates the
models’ accuracy in classifying the top five predictions, with lower percentages signifying
higher accuracy. ResNet18 and ResNet50 have the lowest error rates at 3.57%, followed
by GoogleNet at 6.67%, VGG16 at 7.3%, and AlexNet at 15.3%. The number of trainable
parameters varies significantly among the models, reflecting their complexity and com-
putational demands. VGG16 has the highest number of parameters at 138 million, while
GoogleNet is the most parameter-efficient with only 4 million.

These CNN architectures are extensively used in various computer vision tasks, such
as image classification, object detection, and semantic segmentation. They are potent tools
for feature extraction and representation learning, facilitating the development of advanced
deep-learning models for various applications [57].

By incorporating these diverse deep learning architectures into ensemble frameworks,
researchers can harness the complementary strengths of individual models and improve
classification performance. Ensemble learning techniques such as bagging, boosting, and
stacking further enhance the robustness and reliability of classification systems by aggregat-
ing predictions from multiple models. Through the synergistic integration of segmentation
methods and ensemble learning, researchers aim to unlock the full potential of MRI-based
brain tumour classification, paving the way for more accurate diagnosis and personalised
treatment strategies in neuro-oncology [44].

We fine-tuned the model parameters in our machine learning process to optimise perfor-
mance and enhance results. For our study, we trained various deep learning models—AlexNet,
VGG16, ResNet18, GoogLeNet, and ResNet50—initially using the ImageNet dataset. Sub-
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sequently, we carefully conducted additional training on specialised datasets to adapt these
models for the specific tasks of medical image analysis, particularly for the segmentation and
classification of brain tumours.

Figure 5 shows examples of segmentation outcomes contrasted with the ground truth.
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Figure 5. The segmentation results were visualized and compared to the ground truth.

The provided image compares the segmentation results and the ground truth for a
medical image identified as Brats18_TCIA04_343_1_flair. The comparison is organised in
three rows and two columns.

– Left column (ground truth): These images represent the manually labelled ground
truth, indicating the regions of different tissue types within the brain scan. The colours
used are as follows:

– Green: edoema;
– Yellow: non-enhancing solid core;
– Red: enhancing core.

– Right column (prediction result): These images represent the automated segmentation
results produced by a model. The same colour coding is used as in the ground truth
images:

– Green: edoema;
– Yellow: non-enhancing solid core;
– Red: enhancing core.
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Table 2 presents a comprehensive evaluation of the proposed method using various
datasets, including the Brain Tumor Segmentation Challenge (BRATS) series from 2013
to 2019, the Alzheimer’s Disease Neuroimaging Initiative (ADNI), The Cancer Imaging
Archive (TCIA), and BrainWeb. These datasets were employed to train models on a broad
spectrum of realistic neuroimaging data. As detailed in Table 2, the proposed method
exhibits an exemplary performance in tumour detection using the Multi-Support Vector
Machine (M-SVM) classifier, particularly with the BRATS 2018 dataset. Table 3 demonstrates
that the proposed brain tumour detection method performs exceptionally well with M-SVM
classification.

Table 2. Summary of deep learning-based brain tumour segmentation techniques.

Dataset Preprocessing Model
Architecture Performance

BRATS
2013 and

2015

Bias field correction,
intensity and patch

normalisation,
augmentation

Custom CNN DSC 88%, SEN 89%,
PR 87%

BRATS
2013

Intensity normalisation,
augmentation HCNN + CRF-RRNN 1 SEN 95%, SPE 95.5%, PR 96.5%,

RE 97.8%, ACC 98.6%

BRATS
2015 Z-score normalisation

Residual Network +
dilated convolution

RDM-Net 2
DSC 86%

BRATS
2015 Z-score normalisation

Stack Multi-connection
Simple Reducing_Net

(SMCSRNet)
DSC 83.42%, PR 78.96%, SEN 90.24%

BRATS
2019 - Ensemble of a 3D-CNN

and U-Net DSC 90.6%

BRATS
2015

Bias correction,
intensity normalisation

Two-PathGroup-CNN
(2PG-CNN) DSC 89.2%, PR 88.22%, SEN 88.32%

BRATS
2018 - Hybrid two-track U-Net

(HTTU-Net) DSC 86.5%, SEN 88.3%, SPE 99.9%

BRATS
2015 -

P-Net with bounding
box and image-specific

fine tuning (BIFSeg)
DSC 86.29%

ADNI
Denoising,

skull stripping,
sub-sampling

Multi-scale CNN
(MSCNN) ACC 90.1%

BRATS
2017

Intensity normalisation,
resizing, bias field

correction
Cascaded 3D U-Nets DSC 89.4%

BRATS
2015 and

2017
Downsampling 3D centre-crop

dense block
BRATS 2015: DSC 88.4%, SEN 83.8%
BRATS 2017: DSC 88.7%, SEN 84.3%

BRATS
2018 and

2019

Z-score normalisation,
cropping 3D FCN 3

BRATS 2018: DSC 90%, SEN 90.3,
SPE 99.48%; BRATS 2019: DSC 89%,

SEN 88.3%, SPE 99.51%
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Table 2. Cont.

Dataset Preprocessing Model
Architecture Performance

BRATS
2018

Intensity normalisation,
removing 1% of

highest and lowest
intensity

DCNN
(Dense-MultiOCM 4)

BRATS 2018: DSC 86.2%, SEN 84.8%,
SPE 99.5%

TCIA
Image cropping,

padding, resizing,
intensity normalisation

U-Net
DSC 84%, SEN 92%,

SPE 92%,
ACC 92%

BRATS
2013,
2015,
2018

- AFPNet 5 + 3D CRF
BRATS 2013 DSC 86%,
BRATS 2015 DSC 82%,

BRATS 2018 86.58%

BRATS
2015,
2017

Z-score normalisation

Inception-based U-Net
+ up skip connection +

cascaded training
strategy

DSC 89%, PR 78.5%, SEN 89.5%

BRATS
2015,

BrainWeb

Cropping,
z-score normalisation,

min–max normalisation
(BrainWeb)

Triple-intersecting
U-Nets (TIU-Net)

BRATS 2015: DSC 85%,
BrainWeb DSC 99.5%

BRATS
2015 - LSTM multi-modal

U-Net
DSC 73.09%, SEN 63.76%,

PR 89.79%
1 Heterogeneous CNN combined with conditional random fields and recurrent regression-based neural algorithm.

Table 3. Evaluation of proposed method.

Evaluation Metrics Performance

Accuracy 97.47%

Sensitivity 97.22%

Specificity 97.94%

Dice coefficient index 96.71%

The values reported indicate the high effectiveness of the method, with an accuracy
of 97.47%, demonstrating the model’s ability to identify both positive and negative cases
correctly. The sensitivity is recorded as 97.22%, indicating the model’s proficiency in
correctly identifying positive cases. The specificity is 97.94%, reflecting the model’s accuracy
in identifying negative cases. Finally, the Dice coefficient index, which measures the
similarity between the predicted and actual labels, is 96.71%. These metrics collectively
suggest that the proposed method exhibits robust performance in detecting brain tumours.

Table 4 provides a comparative analysis of various methodologies for brain tumour
classification using the BRATS 2018 dataset. The table outlines the classification accuracies
of different techniques, facilitating an evaluation of their efficacy in tumour detection.
The methods include combinations of CNN and the Local Binary Patterns (LBP) with
Particle Swarm Optimization (PSO) reported by Irfan et al. [44], achieving a 92.5% accuracy.
The LSTM by Amin et al. [51] shows slightly higher accuracy at 93.8%. The brain-storm
optimisation technique by Narmatha et al. [52] matches the first at 92.5%. At the same time,
a method integrating Discrete Cosine Transform (DCT), CNN, and the Extreme Learning
Machine (ELM) by Khan et al. [53] achieves a value of 93.4%. Notably, the proposed
model, which utilises a CNN, MobileNetV2, and Multi-Support Vector Machine (M-SVM),
significantly surpasses these, recording a classification accuracy of 97.5%. This indicates
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the superior performance of the proposed method in accurately classifying brain tumours,
highlighting its potential utility in clinical application.

Table 4. Comparative performance analysis of existing methods.

Methods Classification Accuracy

CNN, LBP, and PSO [44] 92.5%

LSTM [51] 93.8%

Brain-storm optimisation [51] 92.5%

DCT, CNN, and ELM [52] 93.4%

Proposed model (CNN, MobiNetV2, M-SVM) 97.5%

The researchers used a multifaceted approach to improve the results of their med-
ical image analysis models. First, they fine-tuned the model architectures to match the
characteristics of medical image data, such as by adding or changing particular layers.
This architectural adaptation enhanced the models’ ability to capture medical imagery’s
unique features and patterns. Next, the researchers experimented with different training
parameters, like learning rate and batch size, to find the optimal settings for each model
and dataset. By systematically exploring the parameter space, they sought to unlock the
full potential of their models and ensure optimal performance on specific medical image
analysis tasks. Additionally, the researchers applied regularisation techniques, such as
adding regularisation layers and using early stopping, to prevent the over-training of
the models. These strategies helped to improve the models’ generalisation capabilities,
ensuring that they could reliably perform well on new, unseen medical images. Finally,
the researchers tested various loss functions to identify the one best-suited for the task, to
achieve the best possible results for their models. By carefully selecting the appropriate loss
function, they could further refine the models’ performance and enhance the accuracy and
reliability of the medical image analysis outcomes. Through this multifaceted approach,
encompassing architectural adaptations, training parameter optimisation, regularisation
strategies, and loss function selection, the researchers worked diligently to enhance the
performance of their medical image analysis models and obtain the most accurate and
reliable outcomes.

After preliminary training on a dataset, each model was further trained on a specific
dataset to improve results in a particular area, in this case medical image processing.
Additional training allowed the models to better adapt to the specifics of classifying
and segmenting medical images, including brain scans. Additionally, methods of fine-
tuning hyperparameters were applied, and the optimisation of learning algorithms was
undertaken to achieve the best results in a specific task. This approach has significantly
improved the accuracy of image classification and segmentation, which is essential for
diagnosing and treating patients with brain tumours.

As a result of these efforts, we have obtained significant improvements in the accuracy
of segmentation and the classification of brain tumours, which makes our model more
accurate and useful for medical applications.

5. Discussion

This research incorporates sophisticated deep-learning frameworks to enhance the
precision of brain tumour identification and segmentation. Our study focuses on menin-
giomas, utilising a series of MRI images to showcase our model’s capability in detecting
and outlining tumour boundaries accurately.

The visual progression presented in Figure 2, from detecting a hyperintense menin-
gioma mass to its precise segmentation and contextual visualisation, highlights the effec-
tiveness of combining CNNs with advanced classification algorithms. This methodological
fusion is intended to refine diagnostic accuracy and facilitate clinical interventions by
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providing precise, actionable imaging data. The binary mask and the subsequent overlay
on the MRI scan are pivotal in clarifying the tumour’s spatial relationship with adjacent
cerebral structures, a critical factor in planning surgical or therapeutic procedures.

The selection of CNN architectures, as detailed in Table 1, underpins our strategy to
optimise image analysis. Each architecture, from AlexNet to ResNet50, is selected based
on inherent features that support deep learning tasks specific to medical imaging, such as
object localisation and reducing vanishing gradients via skip connections. The diversity
in layer depth, error rates, and computational efficiency across these models facilitates a
tailored approach to feature extraction and image classification, ensuring robustness in
tumour segmentation outcomes.

As summarised in Table 3, our empirical evaluations demonstrate the proposed
model’s superior performance in tumour detection metrics like accuracy, sensitivity, speci-
ficity, and the Dice coefficient index. These metrics not only corroborate the high efficacy of
the Multi-Support Vector Machine classifier when applied to the BRATS 2018 dataset, but
also reflect the model’s generalizability across diverse neuroimaging datasets, including
those from ADNI, TCIA, and BrainWeb.

Despite the promising outcomes, our research recognises inherent challenges
such as dataset bias and class imbalance, which could skew model training and affect
generalizability. Addressing these challenges involves refining data preprocessing and
augmentation techniques to ensure a balanced representation of tumour types and
stages across training sets.

Moreover, the comparative performance metrics in Table 4 emphasise the advancement
of our proposed method over existing techniques. By achieving a classification accuracy of
97.5%, our model sets a new benchmark in the field, underscoring its potential for clinical
application. It surpasses traditional methods and recent innovations, which have shown
lower accuracies in similar settings.

The integration of advanced CNN architectures and ensemble learning strategies has
proven highly effective in enhancing the accuracy and reliability of brain tumour clas-
sification systems. The continuous improvement of these systems through architecture
adaptation, the optimisation of training parameters, and advanced regularisation tech-
niques points towards an exciting future where deep learning can significantly contribute
to personalised medicine and improved patient outcomes in neuro-oncology. Our future
work will further enhance these models, address existing challenges, and expand their
applicability to other medical imaging tasks.

Limitations

While the proposed method for brain tumour classification using deep learning and
ensemble algorithms shows promising results, several limitations must be acknowledged.
The model’s performance relies heavily on the training datasets used, which may not fully
represent the diversity of real-world clinical data, affecting the generalisation to unseen data.
Brain tumour datasets often exhibit class imbalances, leading to biassed model training
and suboptimal performance for less common tumour types. Additionally, the training and
deployment of deep learning models require significant computational resources, which
may not be accessible in all clinical settings. Furthermore, the interpretability of these
models remains a challenge, as clinicians require clear and understandable explanations
for their predictions to aid in decision-making, which the current models may lack. These
limitations highlight the need for continued research and development to address dataset
bias, class imbalance, computational constraints, and model interpretability, ensuring the
deployment of robust and clinically relevant brain tumour classification models.

Robustness and generalisation are critical factors for successfully translating advanced
deep-learning models for brain tumour classification from research to clinical practise.
Ensuring robustness across different imaging conditions and scanners is crucial, as vari-
ations in MRI protocols, scanner types, and patient populations can impact the model’s
performance. To ensure generalisation, the models must be validated extensively across
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diverse clinical settings. Additionally, despite applying regularisation techniques and early
stopping, the risk of overfitting persists, especially when models are trained on limited
datasets, which can lead to poor performance on new, unseen data. Furthermore, integrat-
ing these complex models into clinical workflows poses practical challenges, requiring the
development of user-friendly interfaces and seamless integration with hospital information
systems to facilitate widespread adoption. Addressing these limitations, including those
relating to robustness, generalisation, overfitting, and clinical integration, is crucial for
the reliable and effective deployment of advanced deep learning models in real-world
medical applications.

6. Conclusions

This study successfully demonstrates the capability of an integrated deep-learning
approach to enhance the accuracy and efficiency of meningioma detection and segmen-
tation using MRI scans. The research findings underscore the effectiveness of employing
convolutional neural networks combined with advanced classification algorithms, collec-
tively contributing to more precise medical diagnoses and potentially better healthcare
outcomes. The utilisation of diverse CNN architectures, as elaborated in Table 1, such as
AlexNet, VGG16, GoogleNet, ResNet18, and ResNet50, highlights their distinct advantages
in handling complex image processing tasks. Each architecture’s specific features—from
local response normalization in AlexNet to the innovative skip connections in the ResNet
series—play a crucial role in improving the model’s ability to classify accurately and seg-
ment brain tumours. These architectures are carefully chosen based on their performance
metrics and suitability for the intricate requirements of medical image analysis, as reflected
in their error rates and computational efficiency.

The outcomes of this study, detailed in Table 3, reveal high accuracy, sensitivity,
specificity, and Dice coefficient indices for the proposed method, particularly notable
when applied to the BRATS 2018 dataset. These results validate the model’s robustness
and potential for clinical applications, providing a solid foundation for surgical planning
and targeted therapies. The comparative performance analysis in Table 4 emphasises the
superiority of our proposed model over existing methods. This superiority is a testament
to the careful integration of CNNs with MobileNetV2 and Multi-Support Vector Machine
classifiers, significantly enhancing tumour classification accuracy.

However, the study also acknowledges challenges such as dataset bias, class imbal-
ance, and the required high computational resources. These challenges necessitate refining
segmentation and training techniques to ensure the models remain effective across diverse
and realistic clinical scenarios. The research confirms that the strategic application of ma-
chine learning techniques, specifically tailored CNN architectures and ensemble learning
strategies, can significantly improve the performance of MRI-based brain tumour classi-
fication systems. This advancement paves the way for more accurate and personalised
diagnostic tools and promises to enhance therapeutic strategies for patients with brain
tumours. Future work will focus on expanding these techniques to other forms of medical
imaging and continuing to refine the models to handle the variability and complexity of
real-world clinical data.
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