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Abstract. Computerized segmentation and classification of brain tumors are essen-
tial for diagnosis, management, and prediction of the prognosis in neuro-oncology.
Standard methodologies for the diagnosis of brain tumors are subjective, based on
human experience and qualitative analysis of images, which makes them unsuitable
for handling all the variability in tumor types. To address these challenges, this
research presents an innovative approach of combining DCNs and PECT images to
accurately and quickly segment and classify multi-class brain tumor. The frame-
work uses a DenseNet architecture tailored for high-resolution functional imaging in
PECT to yield rich feature representations for tumor identification as well as grad-
ing and staging for several types of tumors. The computer algorithm was trained
on PECT scans of 250 patients with gliomas, meningiomas and metastatic brain
tumors as a training set and test set. Proper segmentation of tumor boundaries,
type of tumor, and other important structures were carried out using the multi-
class segmentation maps. By implication, the experimental results show that the
proposed model has a classification accuracy of 94%, which was higher than PECT-
based approaches by 2%. The generated segmentation maps also yield essential
sparsely rendered images which really help the surgeon understand the tumour’s
size, position and relationship to adjacent structures and provide better planning
and strategy in the treatment process. The framework was able to handle problems
arising from the heterogeneity of tumor appearances and the spatial distribution
in complicated neuro-oncology cases. This work underscores the role of the lat-
est deep learning approaches in enhancing diagnostic accuracy and the ability to
concurrently combine new imaging systems. In future studies, further work will be

https://doi.org/10.31577/cai_2026_2_439


440 J. Hima Bindu, M. Uma Devi

directed to the increased robustness achieved with the utilization of further imaging,
enlarging the dataset for different demographics, and the testing of the proposed
framework on more clinical scenarios.

Keywords: Dense convolutional network, photon emission computed tomography,
brain tumor classification, multi-class segmentation, deep learning, neuro-oncology,
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1 INTRODUCTION

The skill in finding or diagnosing various diseases has become increasingly involved
in digital medical imaging. In addition to diagnostics, EMI has a great deal of
utilizations in research and medical education, where it provides extraordinarily ac-
curate data as to the various physiological and pathological mechanisms that are
occurring within the human body. This reliance on imaging technologies, for exam-
ple, was captured by the assessment of the modern scale of operation of radiology
departments [1]. For example, in 2002, the Radiology Department of the Univer-
sity Hospital of Geneva produced between 12 000 and 15 000 images in a single
day, demonstrating the huge amount of data that needed proper and fast assess-
ment [2]. To work with such data, certain and accurate tools are mandatory to
provide proper CAD systems to create effective and accurate medical reports or
to conduct numerous studies. Categorization of medical images using conventional
standard methods was still a slow and error-prone process, and underlines the ne-
cessity of more advanced diagnostic systems. Cancers, a global health risk, occupy
10% of sickness afflictions in the United States and constitute one of the highest
death rates [3]. The American Cancer Society reported that over 700 000 people
in the United States are diagnosed with benign brain tumors today, of which only
20% are malignant. The estimation of diagnosis of the primary brain tumor in
2021 by the American Cancer Society was 78 980, out of which 24 530 was malig-
nant (13 840 males and 10 690 females) and 55 150 was non-cancerous. The above
statistics demonstrate the increasing prevalence of brain tumors among both chil-
dren and adults, and their function as the primary cause of cancer-related mortality
globally [4]. Tumor of the brain or neuronal cell growth that are uncontrollable
are termed brain tumors, and can either be primary or secondary. The major-
ity of primary brain tumors develop from cells within the brain, while secondary
or metastatic brain tumors originate from other parts of the body. Both primary
and metastatic brain tumors can be further categorized as benign or malignant.
Though benign neoplasms do not infiltrate adjacent structures, are slow growing
and rarely produce symptoms, they differ from malignant neoplasms significant-
ly. The WHO has a system of grouping brain tumors based on grade: Grade I to
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Grade IV. Grade I tumors are most often benign and the tumor was slowly prolif-
erating; in appropriate treatment, the overall prognosis was favourable [5]. Grade
II tumors are malignant but grow more slowly than those in a Grade III. Neverthe-
less, Grade III tumors, which are also known as anaplastic and Grade IV tumors
such as glioblastomas, are considered the most invasive types of brain cancer [6].
These are high-grade tumors characterised by a high rate of proliferation, locally
invasive nature and intrinsic refractoriness to conventional treatments, which gives
them a poor prognosis [7]. Since the treatment of brain tumors was still challenging
and many were fatal, early and precise diagnosis was important [8]. Incorporation
of new techniques in imaging and diagnostic systems provides improved solutions
to the challenges with the opportunities of defining the perimeters of a tumor, dis-
tinguishing the types of a tumor and even creating plans for the treatment of the
tumor [9]. The convergence of the novel computational tools, using deep learning
algorithms, with imaging sciences in the field of diagnostics of brain tumors was
expected to deliver increased speed and precision in clinical practice [10]. Grade I
and II tumors are the slow-growing and less intrusive in comparison to the Grade
III and IV. Initial grades (Grade I) tumors are normally non-cancerous and there-
fore are often treatable. At this level tumors are malignant, but grow at a slow
rate compared to higher grade tumors. Monitoring and relatively less aggressive
treatment at initial stages, but can emerge over time [11, 12]. In the last few
years, several new imaging technologies have been developed, including ultrasonog-
raphy, magnetic resonance imaging, computed tomography, magnetoencephalogra-
phy, positron emission tomography and electroencephalography [13]. These tech-
nical developments promote more accurate diagnosis and treatment methods due
to the best knowledge about brain tumors. Because it reduces the patients’ expo-
sure to ionising radiation, MRI was previously only applicable for the identification
of brain tumors [14, 15]. MRI can be used to define the size, position and shape
of the tumor with fairly good accuracy. This unfortunate process of diagnosing
the brain cancers was, in most part, associated with the competence of radiolo-
gists [16]. Traditionally, with more patients, more data involved, current methods
are getting costly and less accurate [17]. The difficulties are linked to sharp dif-
ferences in size, shape, and level of severity of the same type of brain tumor, as
well as similar symptoms of different types of diseases. A patient’s prognosis was
very poor, and other complications increased from an unclear diagnosis of a brain
tumor. Toward the end of the 1990s, there was an increasing desire to produce
automatic image processing schemes that would eliminate limitations of diagnos-
tic representations and linked approaches [18]. In the recent past, a number of
CAD systems have been proposed to enhance the automatic diagnosis of brain tu-
mor.

The current research landscape in deep learning for brain tumor classification
utilizing SPECT predominantly emphasizes foundational segmentation and classifi-
cation techniques. A notable gap exists in leveraging advanced multi-class segmen-
tation maps capable of addressing the complexity and variability of tumor types in
SPECT imaging. Existing approaches often neglect the synergistic potential of in-
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tegrating multi-modal imaging with deep learning frameworks, which could enhance
both diagnostic accuracy and model robustness.

2 RESEARCH METHODOLOGY

The overall process of the proposed DCN-PECT framework is shown in Figure 1.
The proposed framework comprises six sequential stages: Preprocessing, Multi-
Class Segmentation, Network Architecture Design, Loss Function Optimization,
Training, and Model Evaluation. First, the input PECT/SPECT images are pre-
processed to improve clarity and remove artifacts. After this, the processed im-
ages are put into a multi-class segmentation phase to clearly distinguish between
Tumor Core (TC), Enhancing Tumor Regions (ETR), and Normal Tissues (NT).
Once the segmented images are produced, they are fed into an Encoder-Bottleneck-
Decoder (E-B-D) architecture to extract features and classify tumors. While train-
ing, Categorical Cross-Entropy (CCE) loss functions were used as weights to op-
timize performance. The model’s performance is measured by validating it on
a separate validation dataset and assessing its ability to segment and classify accu-
rately.

2.1 Pre-Processing

In order to analyse an MRI image, it goes through several highly complex steps
in order to get into a shape for analysis. The first stage was centred on excluding
obstructions that interfere with the clarity of the image [19]. The elements of an im-
age, generally brought into the system during the imaging phase, are capable of
causing disruptions along the rest of the image processing and analysis procedures.
After such artefacts have been stripped off, the images are enhanced even further
through a process called denoising. Reduction of noise enables to distinguish special
features of MRI and creates the grounds for more precise approaches to diagnosing
and treating diseases in medicine.

In the early stages of applying MRI preprocessing, the image was converted to
grayscale. MRI scans are sometimes in RGB format which are sets of data from
three different colors namely the red, green and blue [20]. These channels bring in
extra information which was not usually needed when using image scans in diagnosis
of certain diseases for their patients. Redundant information go and decreased the
amount of data by converting the image to grayscale during the experiment. There
are two types of images namely Grayscale images, which remove all other color
information to keep only the intensity values retainable and usable in storage; usable
and useful in the retention of the structural details of the human brain necessary
for analysis [21].

After going through grayscale conversion, filters are used to reduce different sorts
of noise that is still present in the image. Gaussian, salt-and-pepper, and speckle
noises interfere with the image and its analysis because they conceal important
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Figure 1. Deep learning and single photon emission computed tomography with multi-
class segmentation maps for brain tumor classification

information [22]. To reduce the side effect which was discussed below, a hybrid filter
of Gaussian, mean, and median filters were used. All of these filters act on specific
kind of noise and the combined application of these filters guarantees a greater
extent of noise removal without impacting the edge and boundary characteristics of
the image [23].

The main contribution of the composite filter was to work in tandem to ensure
that as much noise as possible was filtered out whilst, on the other hand, as many
details as possible were preserved. As opposed to the basic filter types that remove
image particulars at the expense of important image features, the present technique
achieves efficient noise reduction, preserving the MRI image’s anatomical features.
This additional step enhances the quality of images before being subjected to image
segmentation and classification processes, which would help bring about enhanced
diagnosis.
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2.2 Segmentation

Another important phase in the context of medical imaging was multi-class seg-
mentation which was significant for discriminating the classification of each pixel in
an image over different groups, especially in the case of investigations on brain tu-
mors [24]. This classification allows a better insight into the structure of the tumor
through the division into the necrotic core of the tumor, the ring on the T1-weighted
images where tumor cells are actively enhancing, and the surrounding brain tissue.
This pixel-level categorization was crucial for generating accurate representations
of the tumor that enable a clinical diagnosis, treatment plan, and follow-up on the
progression of the disease [25]. The dividing of tumors into sectors helps medical
practitioners determine which regions need to be treated and which do not.

Segmentation was based on complex computations of spatial and structural
properties of medical images [26]. State-of-the-art deep learning architectures in-
cluding U-net is often used for multi-class segmentation because of the high accuracy
and applicability to varied datasets. These models use of convolutional and decon-
volutional layers, encode spatial information from the input and then decode it to
segmentation maps [27]. All layers of the network help to identify certain features,
which allows effectively dividing the image into classes. These benefits make this
imaging technique ideal for the detection of smaller variations, as in this case, the
edges or boundary of the tumor were easily discerned [28].

The quality and resolution of input data also affected the outcome of segmen-
tation, together with the training strategy of the deep learning models. MRI and
PECT are generally used because other techniques, such as CT scan or superior
resolution and delineation of structures in the brain compared to other imaging
instruments, for example. The features include noise reduction based on median
filtering and conversion of the image into grayscale, since pre-processing was im-
portant to ensure getting improved images for segmentation [29]. When building
a model, we use loss functions such as cross entropy to guarantee that during train-
ing, possible mistakes are minimized and class labels of each pixel are best assigned
for producing good segmentation maps.

In clinical practices, most models grounded on multi-class segmentation form
a basis for prescription and operations [30]. Therapists can make sound judgments
about therapy or surgical margins when specific boundaries of the tumor and various
types of tumor areas are defined. Segmented images provide a way of keeping track
of the evolution and treatment outcomes of a tumor. The combination of segmenta-
tion maps with other diagnostic tools improves disease progression monitoring and
individualised patient care. This makes multi-class segmentation an essential tool
for enhancing the precision medicine of neuro-oncology.

2.3 Problem Definition

The classification of MRI brain scans into different classes corresponding to different
tissues or tumors was a critical data segmentation in the medical imaging and diag-
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nosis. This was true especially in neuro-oncology in which better definition of tumor
margins determines therapy and survival [31]. As with the pixels in a CT scan, each
pixel in the MRI image has to be assigned to one of the predetermined labels, which
includes a healthy tissue, or a tumor core, or enhancing tumor. This classification
requires the identification of the detailed structure of the tissue type or pathologic
area in the entire brain and, therefore, it requires a pixel-based system [32].

In the case of the model, the segmentation procedure starts with the input
MRI image, referred to as I. The role of the segmentation task was to determine
a set of K classes, C1, C2, . . . , CK that defines the tissue type or regions of the
tumor. The model shall also involve a class label C(i, j) for every pixel (i, j) of the
image. This approach allows for the distinction between different layers and zones in
tissues and defining the pathophysiologically altered regions, which was paramount
for evaluating the shape of the tumor and its contact with the adjacent healthy
tissue [5].

The segmentation challenge was in its essence a classification problem at the
pixel level, and in order to secure high accuracy and dependability, the application
of sophisticated mathematical algorithms was inevitable [33]. CNN and other deep
learning techniques have risen as the preferred solutions for this problem [34]. These
models can detect fine shapes and grainy distortions of pixel densities leading to
easier segmentation of complex and diverse areas [35]. These capabilities also make
the models label the inputs while maintaining the tiny anatomical and pathological
details that doctors need to see.

It helps in cancer staging and treatment planning with the help of a clinician
to decide size of the tumor, position of the tumor, and involvement of nearby struc-
tures. It contributes to the formulation of individual treatment plans because it
makes detailed images of the tumor regions. These insights therefore enhance sur-
gical efficacy, therapeutic techniques, and patient prognoses making it a central
cornerstone of current-day imaging and neurology.

2.4 Network Architecture

The network architecture follows a well-established deep learning approach, struc-
tured into three key parts: the encoder, the bottleneck and the decoder. Encoder
or contracting path takes the responsibility of extracting features from the input
image, which can be highly beneficial for the model [36]. It applies convolutional
layers cuff with the max-pooling layers to gradually degrade the spatial size while
enhancing the depth of the feature map. This process proves beneficial in capturing
of higher level views about the richer input. The encoder in a sense just reduces the
information to the bare relevant features required for the task at hand [37].

The second component to proceed the encoder was the bottleneck that encapsu-
lates the abstract level of features that the model captures. It functions here as the
interface between the encoder and decoder therefore facilitating the accumulation
of information in one array before decoding it and expanding it out to the original
spatial dimensions. The bottleneck was designed to preserve the salient information
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obtained by the encoder and forward such information to the decoder [38]. This de-
sign proves useful in reducing the image complexity while retaining characteristics
appropriate for the subsequent processes [39].

Decoder, or expansive path, was devoted to reconstructing the spatial resolu-
tion of an image. This was realized by employing up-convolutions that assist in
slowly reconstructing the spatial dimensions. At each of the up sampled features,
the decoder also concatenates information from the encoder, thus ensuring that the
encoder information was useful for reconstructing the detailed spatial information
from earlier layers. These up-convolutions along with concatenations give the net-
work the ability to refine features in the image across the layers till the final layer
was reached.

The last layer of the calculated network aimed at providing the map of the class
labels for each pixel of the image. Such pixel-level classification allows the network
to do more fine-grained segmentation tasks, like finding several regions in retinal
images or any other complicated image. These predictions are made by the network
through the encoder-decoder structure in use to output a map of the features learned
to represent the class probability distribution across the image.

2.5 Loss Function

The categorical cross-entropy was one of the most commonly employed functions
in machine learning in classification problems. It calculates the distance between
the true class for a given instance and the probability of the class for that instance.
Whenever a model gives a prediction, what was returned was the probability distri-
bution of the different classes. This loss function worked to identify by how much
the calculated probability distribution deviated from the real distribution so that,
under training, this gap could be reduced. Cross-entropy loss measures how well the
model was predicting examples and has a property that the smaller the value of the
cross-entropy loss, then the better the model’s predictions are to the labels.

In the context of brain tumor classification each pixel in the image was labeled
in to one of the few classes like core tumor, enhancing tumor or edema. The loss
function will now have an idea of the error between the ground truth class of that
pixel and the predicted probability distribution of the pixel. Often when the pre-
dicted class of a given pixel was nearly the actual class of the pixel the loss value
was smaller. On the other hand, if the prediction was wrong the loss increases, that
informs the model that the given prediction was not correct.

Categorical cross entropy works by especially comparing the output probability
distribution with the actual class labels which are usually in form of one-hot encoded.
A 1 was applied to the correct class for each pixel and a 0 for all other classes. The
output of the model was a probability vector, and depending on which loss function
was used the loss function was to take the difference between the cred prob and the
actual labels in log space. This was details through the use of logarithm so that
any form of incorrect prediction will be penalized further if the confidence level was
high.
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This loss function was important specifically for turning deep learning mod-
els, including for tasks such as segmentation and classification. In the process of
training the model modifies its parameters in order to minimize the categorical cross-
entropy loss and its performance for the classification of the correct class for each
pixel improves. This makes the model more discriminative in accurately recognizing
the tumor regions and healthy tissue, thus could perform better in medical image
segmentation.

2.6 Training

The training process by the training network was accomplished with a set of la-
beled MRI consisting of images of body organs. These features consist of differ-
ent MRI images and each MRI or every image shown here contains a label that
belongs to particular class or in simple words the category of tumor present in
that image was defined. These images themselves form the basis of training the
model to differentiate between various forms of brain tumors which include gliomas,
meningiomas and pituitary tumors. The labeled data used will enable the network
to draw correlation between the features of the scans and the associated tumor
types.

When the network starts its training process data parameters or weights are
initiated and tweaked to reduce the difference between the anticipated output and
actual labels. This was called weight optimization, it was a key step in how to
increase the accuracy of the model. Through repetitive transformations of the nets
weights, the network was trained to recognize patterns of the image that correspond
to defined features of tumors. In time the model gets better at recognizing such
patterns and it can improve its classification of brain tumors as well.

In the course of training sessions, the network uses a loss function that measures
the difference between the predictions made by the model and the actual values.
The goal was to reduce this loss which was a measure of error. Thus, as the net-
work goes through the process for several epochs, it adjusts the weight of neurons
in order to minimize the loss function, which in turn enhances classification ca-
pability. This learning process helps make the model increasingly accurate in its
categorization of the upper bound of possible brain tumors, making it useful for
clinical practice.

The optimization process goes on until the network obtains a minimal state
where the weights adjustment causes very small improvements over the total net-
work. At this stage the network has mastered the functionality of giving near
accurate predictions the functionality that was programmed into it when train-
ing the network from MRI images. The obtained model was then used to test
its ability to generalize on a different validation set in order to ascertain the abil-
ity to classify new MRI images that it has not encountered before. This kind of
training where the learning was made alternately and weights are adjusted was
crucial for the construction of the deep learning model for the selection of brain
tumor.
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3 RESULTS AND DISCUSSION

The proposed DCN-PECT framework was experimentally evaluated to analyze its
effectiveness in multi-class brain tumor segmentation and classification using PECT/
SPECT imaging data. The performance of the proposed model was compared with
several existing state-of-the-art approaches including SPGAN-MSOA-CBT, IACO-
ResNet, BTSC-TNAS, and PSO-KELM. The evaluation was carried out using mul-
tiple quantitative performance metrics such as precision, recall, specificity, G-Mean,
accuracy, Dice Score, and execution time. These metrics were selected because
they provide comprehensive insight into both classification and segmentation per-
formance, which are essential for reliable medical image analysis.

The experimental evaluation demonstrates that the proposed DCN-PECT fra-
mework significantly improves the classification and segmentation capability when
compared with conventional and recently developed deep learning approaches. The
obtained results validate the effectiveness of the proposed DenseNet-based feature
extraction and multi-class segmentation strategy in accurately identifying tumor
regions and differentiating them from healthy tissues.

The categorical cross-entropy loss function used during training is mathemati-
cally represented as:

L = − 1

N

N∑︂
i=1

C∑︂
j=1

mijyij log(pij), (1)

where yij denotes the ground truth label, pij represents the predicted probability,
N indicates the total number of samples, and C corresponds to the number of output
classes. The loss function minimizes the discrepancy between actual and predicted
class labels and assists the network in improving segmentation and classification
performance during training.

The Dice Similarity Coefficient (DSC), which evaluates the overlap between
predicted segmentation and ground truth segmentation, is given by:

DSC =
1

C

C∑︂
j=1

2
∑︁N

i=1 pijyij∑︁N
i=1 pij +

∑︁N
i=1 yij

. (2)

The Dice Score is highly important in medical image segmentation because it
directly measures tumor boundary accuracy and segmentation quality.

Precision and recall are calculated using:

Pj =
TPj

TPj + FPj

, (3)

Rj =
TPj

TPj + FNj

, (4)

where TPj, FPj, and FNj denote true positives, false positives, and false negatives,
respectively. Precision evaluates the correctness of positive predictions, while recall
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measures the ability of the model to identify all actual positive samples.
The F1-score and Macro-F1 score are represented as:

F1j = 2× Pj ×Rj

Pj +Rj

, (5)

Macro-F1 =
1

C

C∑︂
j=1

F1j. (6)

The F1-score provides a balanced measure between precision and recall and is
highly useful in evaluating imbalanced medical datasets.

Specificity and G-Mean are mathematically expressed as:

Sj =
TNj

TNj + FPj

, (7)

G-Mean =

⌜⃓⃓⎷ 1

C

C∑︂
j=1

Sj ×Rj. (8)

Specificity measures the capability of the framework to correctly identify healthy
tissues, while G-Mean evaluates the balance between sensitivity and specificity.

The softmax activation function used for multi-class probability estimation is
defined as:

Pij =
exp(zij)∑︁C
k=1 exp(zik)

. (9)

The Intersection over Union (IoU) metric used for segmentation evaluation is
represented as:

IoUj =

∑︁N
i=1 pijyij∑︁N

i=1 (pij + yij − pijyij)
. (10)

The weight update process using gradient descent optimization is represented
as:

wt+1 = wt − η

C∑︂
j=1

∂Lj

∂wt

, (11)

where η denotes the learning rate and wt represents the network weights during
iteration t.

The comparative performance analysis of the proposed DCN-PECT technique
and existing approaches is summarized in Table 1. The obtained results clearly
indicate that the proposed framework achieved superior performance across all eval-
uation metrics.

The precision analysis presented in Table 1 demonstrates that the proposed
DCN-PECT framework achieved the highest precision value of 92.77%. Precision
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Methods Prec. Rec. Spec. G-Mean Acc. Dice Time (s)

SPGAN-MSOA-
CBT

78.35 90.23 67.81 78.22 75.32 0.852 5.873

IACO-ResNet 87.34 91.11 72.67 81.36 71.56 0.840 4.225
BTSC-TNAS 85.67 92.21 81.88 86.89 86.88 0.837 2.998
PSO-KELM 91.45 93.26 92.87 93.06 82.71 0.841 2.117
Proposed DCN-
PECT

92.77 94.11 94.16 94.13 94.29 0.855 1.163

Table 1. Comparative analysis for DCN-PECT technique

is highly important in medical diagnosis because it measures the proportion of cor-
rectly classified tumor regions among all predicted tumor samples. Higher precision
values indicate lower false positive rates and improved diagnostic reliability. Exist-
ing methods such as SPGAN-MSOA-CBT and IACO-ResNet produced lower preci-
sion values due to limitations in accurately extracting discriminative tumor features
from complex PECT/SPECT images. The proposed DCN-PECT framework suc-
cessfully overcame these limitations by employing DenseNet-based feature learning
and multi-class segmentation mechanisms.

Similarly, the recall performance of the proposed framework reached 94.11%,
which was higher than all comparative methods. Recall measures the capability of
the framework to identify all actual tumor instances correctly. High recall values
are particularly important in clinical diagnosis because missed tumor detection may
lead to severe treatment delays and reduced survival rates. The proposed framework
achieved superior recall because of its ability to preserve spatial and contextual
information during feature extraction and segmentation.

The specificity analysis further confirms the effectiveness of the proposed DCN-
PECT framework. The achieved specificity value of 94.16% demonstrates the
capability of the proposed model to accurately distinguish healthy tissue regions
from tumor regions. In comparison, SPGAN-MSOA-CBT produced significantly
lower specificity due to its limited robustness in handling imaging noise and tissue
variability. The proposed framework effectively minimized false positive classifica-
tions through optimized segmentation and improved feature representation learn-
ing.

The G-Mean metric validates the balanced classification capability of the pro-
posed model. The proposed DCN-PECT achieved the highest G-Mean value of
94.13%, indicating stable and balanced performance between sensitivity and speci-
ficity. This balanced performance is highly important in medical imaging applica-
tions because both tumor detection and healthy tissue preservation are clinically
significant.

The classification accuracy of the proposed framework reached 94.29%, which
was considerably higher than all comparative methods. The improved accuracy
demonstrates the effectiveness of the proposed architecture in handling complex tu-
mor structures and variations in brain tumor characteristics. The DenseNet archi-
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tecture contributed significantly toward extracting hierarchical feature representa-
tions, which improved the segmentation and classification capability of the proposed
model.

The Dice Score analysis further confirms the segmentation superiority of the pro-
posed framework. The obtained Dice Score of 0.855 indicates strong overlap between
predicted tumor regions and ground truth segmentation masks. Accurate tumor
boundary delineation is essential in neuro-oncology applications because treatment
planning and prognosis estimation depend significantly on segmentation quality.
The proposed framework successfully preserved tumor boundaries and structural
details through multi-class segmentation learning.

Execution time analysis also demonstrates the computational efficiency of the
proposed framework. The proposed DCN-PECT achieved the minimum execution
time of 1.163 s, which was significantly lower than all comparative approaches. Faster
execution time is highly desirable in real-time clinical environments where rapid
diagnosis and treatment planning are essential. The reduced execution time was
achieved through optimized network architecture design and efficient convolutional
feature extraction.

The dataset distribution used for experimentation is summarized in Table 2. The
dataset consisted of multiple brain tumor categories including glioma, meningioma,
and pituitary tumors. The use of a diverse dataset improved the robustness and
generalization capability of the proposed framework.

Tumor Type Number of Images

Glioma 1 426
Meningioma 708
Pituitary Tumor 930

Table 2. Distribution of Brain Tumor Dataset

Glioma images constituted the largest portion of the dataset due to their high
prevalence and structural complexity. The dataset diversity enabled the proposed
framework to learn different tumor patterns and improve classification robustness
under varying imaging conditions.

Figure 2 illustrates the training and validation accuracy and loss analysis of the
proposed DCN-PECT framework. The training and validation accuracy gradually
increased with increasing epochs, indicating effective learning behavior and stable
convergence of the network. Simultaneously, the training and validation loss con-
tinuously decreased during training, confirming reduction in prediction error and
optimization of network parameters. The similarity between training and validation
curves indicates that the proposed framework achieved good generalization capabil-
ity without significant overfitting.

Figure 3 presents the grading analysis of malignant tumors identified by the pro-
posed framework. Accurate tumor grading is essential in clinical diagnosis because
treatment planning and prognosis estimation depend strongly on tumor severity.
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Figure 2. Training and validation loss and accuracy analysis

Figure 3. Grade of malignant tumors

The proposed DCN-PECT framework effectively differentiated tumor grades based
on pathological characteristics and imaging features.

Sample images from the dataset are illustrated in Figure 4. The dataset contains
significant variations in tumor shape, size, intensity, and spatial distribution, which
increases the complexity of segmentation and classification tasks. The proposed
framework successfully handled these variations through deep convolutional learning
and multi-class segmentation strategies.

Overall, the experimental results demonstrate that the proposed DCN-PECT
framework significantly outperformed existing state-of-the-art approaches in terms
of classification accuracy, segmentation quality, computational efficiency, and robust-
ness. The integration of DenseNet-based deep learning architecture with multi-class
segmentation maps enabled effective extraction of discriminative tumor features and
improved diagnostic reliability. The obtained results confirm the potential of the
proposed framework for practical medical imaging applications and advanced brain
tumor diagnosis systems.
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Figure 4. Sample images for dataset

4 CONCLUSION

Iterative improvements in deep learning models and segmentation techniques sig-
nificantly enhance brain tumor classification performance. Progressive increases in
performance demonstrate the effectiveness of advanced methodologies, particularly
multi-class segmentation and deep learning models, in improving diagnostic accu-
racy. Careful model optimization and architectural refinement play a crucial role in
achieving meaningful and reliable results in medical imaging. Furthermore, machine
learning and artificial intelligence exhibit growing potential in clinical diagnostics,
especially for accurate and timely tumor detection and classification. Sophisticated
deep learning models, when properly trained and validated, have the capability
to outperform conventional diagnostic techniques. The stability observed in high-
performing configurations suggests that current methodologies may have reached
an optimal performance threshold, with only marginal gains from incremental im-
provements. Therefore, further transformative innovations are required to achieve
significant advancements beyond existing approaches. Nonetheless, current meth-
ods can be effectively applied in clinical practice, enabling efficient and accurate
brain tumor diagnosis. Continuous advancements in deep learning and segmenta-
tion techniques remain essential for the evolution of medical imaging and diagnostic
systems. Overall, these technologies hold great promise in contributing to preci-
sion medicine by enhancing healthcare quality and advancing diagnostic capabili-
ties.
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