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ABSTRACT

Prostate cancer remains a leading cause of mortality among men worldwide, and accurate early detection is critical for
improving treatment outcomes. Traditional diagnostic methods and conventional imaging analyses often suffer from low
Accuracy, high inter-observer variability, and limited capacity to capture complex tissue structures in MRI images. To
address these limitations, this study proposes a novel Multi-Head ProbSparse Spherical Convolutional Network with
Lyrebird Optimization Algorithm (M-HPSCNet-LOA) for prostate cancer identification from the SPIE-AAPM-NCI
Prostate dataset using MRI images. The framework incorporates Deep Attentional Guided Image Filtering (DAGIF) for
pre-processing, Single-Head Vision Transformer (SHViT) for segmentation, and Dimba: Transformer-Mamba Diffusion
Models (TMDM) for feature extraction. Classification is achieved through the Multi-Head ProbSparse Spherical
Convolutional Network (MHPSCNet), which integrates Multi-Head ProbSparse Self-Attention (MHPSAN) and Spherical
Convolutional Neural Network (SCNN) to capture both global tissue structures and localized intensity patterns. The
Lyrebird Optimization Algorithm (LOA) further enhances model performance by fine-tuning parameters efficiently.
Experimental results demonstrate that M-HPSCNet-LOA achieves 99.85% accuracy, 99.58% F1-score, and 99.62%
precision, highlighting its robustness, stability, and applicability in MRI-based prostate cancer detection.
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1. INTRODUCTION

Pathological grading is crucial for prostate cancer (PCa) risk evaluation and therapy selection. PCa is traditionally
diagnosed by taking systematic core needle biopsies across the prostate gland[1-3]. As a result, the number of new cases
expected each year could reach 25 million by 2030[4-6]. Prostate cancer rates that survive can be considerably raised over
the existing rate, and the right kind of intervention can be given if it can be accurately identified in its early stages[7-10].
This type of MRI, which can locate and visualize prostate cancer lesions, was created by combining various anatomic and
clinical magnetic resonance imaging (MRI) sequences[11-12]. The Faster R-CNN models are used to classify the images,
while the enhanced ResNet model is used to extract their features. The dual optimizers (Adam and SGD) are used to
optimize the models' parameters, ensuring that prostate cancer can be accurately recognized[13-15]. Radiomics has made
substantial use of convolutional neural networks (CNNs), which are a class of deep learning techniques that include
convolutional, pooling, stimulation, and fully connected layers. CNN-built models enable deep mining of data from images
by automatically learning to extract and choose visual features for use in predictions[16]. Major medical datasets and the
development of algorithms for deep learning (DL) have significantly accelerated image processing and assisted pathologists
in making early cancer diagnoses [17].

Novelty and Contribution

e DAGIF improves MRI quality by reducing noise, normalizing intensities, and enhancing anatomical
consistency for reliable feature preservation.

e SHVIT enables efficient segmentation by isolating prostate lesions, preserving tumor boundaries, and
capturing both local and global dependencies.
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e TMDM extracts robust multiscale features, balancing long-range tissue dependencies with computational
efficiency for accurate cancer representation.

e MHPSCNet combines MHPSAN and SCNN to capture global tissue patterns and localized variations,
improving classification accuracy and lesion detection.

e LOA optimizes parameters effectively, balancing exploration and exploitation, ensuring stable convergence,
and boosting overall diagnostic performance.

The relevant literature is reviewed in detail in Section 2. A thorough explanation of the methods employed in this
investigation is given in Section 3. The results are examined in Section 4. The contributor's personal opinions and
recommendations for additional study are presented in Section 5.

2. LITERATURE SURVEY

In 2024, Sanjay Kumar Singh et al. [18] evaluated a deep learning framework for prostate cancer detection using Gleason
grading; the framework showed excellent specificity, precision, and sensitivity across MRI volumes utilizing a three-
dimensional CNN. It uses Endorectal Coil-assisted MRI to segment epithelial areas and Gleason scores, which makes it
computationally demanding for full-volume analysis and dependent on specific imaging methods.

In 2024, Alparslan Horasan and Ali Gunes [19] demonstrated that prostate cancer detection from Magnetic Resonance
Imaging was improved by the evaluated methodology, which used three-dimensional CNN, Residual Network (RN), and
Inception Neural Network in an ensemble with soft voting. It achieved high Accuracy, sensitivity, specificity, and F1 score,
but it necessitates complex model integration and substantial computational resources for clinical deployment.

In 2023, Takaaki Yoshimura et al. [20] analyzed a methodology that improved precision and recall by successfully
predicting Gleason Score from multiparametric Magnetic Resonance Images using a three-dimensional CNN with
DeepLabv3+ (Deep Laboratory Version 3 Plus) semantic division. However, overall Accuracy showed little change, and
the approach necessitates a large amount of computational resources for segmentation-based analysis.

In 2024, Saleh T. Alanezi et al. [21] demonstrated a machine-learning approach that uses first- and second-order texture
attributes in radiometric analysis to diagnose prostate cancer. Support vector machine (SVM) and random forest (RF)
classifiers were used to pick features using recursive feature elimination (RFE) and least absolute shrinkage and selection
operator (LASSO). Prediction was improved by combining apparent diffusion coefficient (ADC) maps with T2-weighted
imaging (T2WI); however, the techniques necessitated careful hyperparameter tweaking and processing resources.

A. Problem statement

Numerous methods have demonstrated encouraging results in current studies for prostate cancer detection, but they also
highlight difficulties. High specificity, precision, and sensitivity were demonstrated by deep learning frameworks that use
three-dimensional convolutional neural networks; however, these frameworks are computationally demanding, especially
when processing entire MRI volumes, and frequently rely on specialized imaging protocols like Endorectal Coil-assisted
MRI. Multiple network ensemble techniques, such as RN and Extrusion Neural Networks, increased reliability and
precision but limited their immediate clinical use due to their intricate integration and high computing costs. Although
semantic segmentation-based techniques improved recall and precision for predicting Gleason scores, they did not
considerably increase overall Accuracy. They required a large amount of processing resources for volumetric analysis.
Although they required significant processing power and careful hyperparameter tuning, radiomics-based techniques that
integrated texture information from multiparametric MRI with sophisticated feature selection enhanced prediction
performance. Overall, the complexity, resource intensity, and dependence on specialized imaging of these approaches limit
their scalability and regular clinical application.

3. PROPOSED METHODOLOGY

The workflow of the proposed M-HPSCNet-LOA begins with MRI data acquisition from the SPTE-AAPM-NCI Prostate
dataset. Pre-processing is performed using DAGIF to reduce noise, normalize intensity, and enhance anatomical
consistency. The refined images are segmented with SHViT, which efficiently isolates prostate regions and preserves tumor
boundaries. Next, TMDM is employed for feature extraction, capturing both long-range dependencies and acceptable tissue
variations while maintaining computational efficiency. The extracted features are classified using MHPSCNet, which
combines MHPSAN to highlight informative regions and SCNN to model spherical structural patterns, ensuring robust
recognition of cancerous lesions. Finally, LOA is applied to optimize model parameters, balancing exploration and
exploitation to enhance Accuracy and stability. This end-to-end process provides a highly reliable pipeline for prostate
cancer detection from MRI images. The M-HPSCNet-LOA approach is illustrated in Figure 1.
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Fig.1. Block Diagram for the proposed method

A. Data Acquisition

The SPIE-AAPM-NCI Prostate dataset has 346 patients with PI-RADS scores >3. Multiparametric MRI sequences include
T2-weighted, Diffusion-Weighted (DW/ADC), Dynamic Contrast-Enhanced (DCE), Proton Density-Weighted, and Ktrans
images. Expert radiologists noted ground-truth lesions to aid in accurate prostate cancer detection, Gleason grading, and
further classification.

B. Pre-Processing Using Deep Attentional Guided Image Filtering (DAGIF)

To enhance the performance of deep learning models, pre-processing entails preparing raw medical images by noise
reduction, normalization, scaling, and augmentation. By altering the DAGIF[22] approach, prostate cancer detection by
medical imaging can be made more reliable and perform better. Anatomical alignment, spatial resolution, and MRI intensity
values are some of the patient imaging data that are suitably standardized to guarantee consistency across scans. By
preserving consistency across several imaging sessions and scanners, these changes improve data integrity. Furthermore,
multiscale pre-processing is used to maintain local tissue variations as well as global anatomical characteristics across
pictures. Equation (1) explains how this method makes it possible to identify modest indicators of the advancement of
prostate cancer.

6 = POWNGZ,)0< j<n 0

DOWN

where represents a downsampling method used on medical imaging to lower resolution while preserving crucial
g g

tissue and structural information, assuming that ! denotes an image at level 1 in a multiscale system and that /™'

represents its previous scale. / And 1 indicates continuous scans over divided image patches. Dual Kernel Generation
enables the model to capture both more general anatomical patterns and fine-grained tumor characteristics by evaluating
the image data using two distinct kernels. At different image scales, this technique enhances the detection of prostate
cancer markers, as explained in Equation(2).

g
X} = Condgondgr|Jos j < n (2). where / denotes the creation of adaptive kernels utilizing

, ) , Con V(Con v(F g )) ,
intermediate filtered image features, and / denotes the two-step kernel development refining process
during pre-processing. Adaptive Kernel Combination combines kernels from raw image data and reference anatomical
patterns using an attention-driven methodology. To ensure the model focuses on trustworthy and contextually crucial
features, as described in Equation (3), this technique enhances important tumor and tissue markers while reducing
unnecessary noise, thereby increasing the Accuracy of prostate cancer identification across images.

£;=UNedFf, Fellos j<n 3).

F?, F¢
UNet I' £ ] provides the corresponding image patching

where indicates the module that creates the attention map,
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E
at the precise same scale and Position, and J represents the output of the attention mechanism. The learnt adaptive
kernels are utilized to medium- to fine-resolution image characteristics using a guided filtering process. In this case, n
represents the overall number of image patches that have been processed. Equation (4) illustrates how this method reduces
noise and excessive variations during pre-processing while enhancing significant anatomical and new tissue patterns.

oluv)= 2 Y Yodnr) Elo-yu-) @.

Elu-y,u-x)

S Youlvi )

y=moyemo represents a kernel-based adaptive filtering performed across surrounding regions, and O(U, V) is
the final filtering output at a particular image feature. This technique enhances key anatomical features and improves the
detection accuracy of prostate cancer by highlighting pertinent tumor and tissue patterns and reducing contextual noise
through pre-processing. The DAGIF technique aims to enhance prostate cancer detection by improving the image quality
and uniformity of medical images through multidimensional, attention-driven pre-processing that preserves significant
anatomical and tumor characteristics while reducing noise and needless variations. After pre-processing, segmentation is
covered in the next section.

where
g

indicates local segment variables utilized during intermediate image processing,

C. Segmentation using Single-Head Vision Transformer (SHViT)

By dividing medical images into relevant parts, segmentation isolates organs or malignancies for accurate analysis,
detection, and focused classification. To effectively capture both local and global tissue dependencies, SHViT[23] for
prostate cancer classification and segmentation combines Depthwise Convolution (DWConv) for regional data aggregation
with Single-Head Self-Attention (SHSA) for regional modeling. Its partial attention channel architecture improves
memory efficiency, speeds up processing, and eliminates redundancy. By preserving accurate tumor borders, improving
feature extraction from a range of prostate tissue intensities, and enabling reliable detection in a variety of imaging
conditions, SHViT improves segmentation accuracy and classification reliability for prostate cancer lesions. Equation (5)
explains how SHSA output is calculated.

~

— 0
SHSAY) = concat?, v, JE ).

%
, the attended feature map by att, the attention operation by %%,

SHSAY)

where the input feature map is denoted by

: Y . : 0
residual (untouched) pathways by ¢, the output projected weighting matrix using E , and the concatenation merging

of attended and remnant features by Con Cal Tpe computation of attention features for the identification of prostate
cancer lesions is explained in Equation (6).

¥, = Attentioky, £%, Y, ,E*, ¥, E" ) ©).

; w P U
Attentior extracts the entire context from the input features. E , E , and E represent the parameter,

~

where,

Y
request, and value projections weight matrices, respectively. 2% represents the chosen partial features from Y The scaled
dot-product attentiveness for prostate cancer image feature extraction is established by Equation (7).
and P are the query and key matrices,

Attentiof, P.U) = spfma){WPL /\r‘e—ngU (7)
v Eop
Softnax

the query or key vectors, and computes normalized scores for attention using W. The comparable score matrix

w U

where, represents the value matrix, and denotes the dimension of

between keys and queries is represented by wp . The feature separation for partial attention in prostate cancer image
analysis is explained by Equation (8).

Vou Yoo = Spi¥,18,, 8- 8.]) (8).

Y . , . L B
where ®5 represents features that avoid attention to preserve efficiency, B indicates the total number of methods, ¥

is the total number of characteristics used for attention, and @ provides the portion of variables processed by attention.
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For prostate cancer image analysis, Sp lit it stands for the division of input Y according to specified sizes B" B B
The SHVIT aims to accurately detect and isolate prostate cancer lesions on MRI images by detecting both local and global
tissue dependencies. It improves tumor boundary integrity and feature extraction, ensuring Accuracy and effective
segmentation under a range of imaging conditions. After segmentation, feature extraction is covered in the next section.

D. Feature Extraction using Dimba: Transformer-Mamba Diffusion Models (Dimba (TMDM)

Features that indicate depth, texture, shape, and intensity are extracted from images using feature extraction, which can be
done manually or automatically. The Dimba (TMDM)[24] architecture combines Mamba and Transformer layers to
analyze prostate MRI data for cancer identification, achieving high Accuracy and computational efficiency. Transformers
effectively capture long-range tissue dependencies, but their quadratic memory growth becomes costly for high-resolution
prostate images. To address this, Dimba replaces some Transformer attention layers with Mamba layers, improving
computational throughput and reducing memory usage without compromising diagnostic quality. The core component, the
Dimba Block, integrates Transformer attention with Mamba operations and a cross-attention mechanism that fuses MRI
features with additional clinical or textual information, enabling contextually sensitive analysis of prostate cancer regions.
Training follows a two-step process: large-scale pretraining on diverse prostate MRI datasets, followed by fine-tuning on
carefully labelled cancer images. Quality adjustment aligns the model with medical-grade image distributions, improving
segmentation precision and classification accuracy.

Additionally, Position Embedding smoothing enables the model to handle high-resolution prostate images efficiently,
leading to faster convergence and more precise cancer boundary localization. The transform-Mamba synergy provides a
balance of scalability, efficiency, and Accuracy, making Dimba a reliable framework for early prostate cancer detection
and a practical decision-support tool for radiologists. The next section discusses the classification that follows feature
extraction.

E. Classification using Multi-Head ProbSparse Spherical Convolutional Network(M-HPSCNet)

Classification enables precise decision-making by allocating extracted data or learning patterns into preset groups, such as
cancerous compared to non-cancerous tissue. The MHPSCNet model is proposed for prostate cancer identification using
MRI images, integrating two main components: the Multi-Head ProbSparse Self-Attention Network (MHPSAN)[25] and
the Spherical Convolutional Neural Network (SCNN)[26]. MHPSAN emphasizes informative regions, eliminates
irrelevant data, and captures complex structures, while SCNN leverages spherical feature modeling with reduced
parameters, enhancing anomaly detection, region identification, and stage classification accuracy.

a. Multi-Head Probsparse Self-Attention Network (MHPSAN)

The MHPSAN enhances prostate cancer division and categorization by eliminating unnecessary information and focusing
on the most instructive areas. By probabilistically distributing attention weights, it reduces computational cost and
improves robustness over background noise and shifting imaging conditions. Multiple focus points that capture distinct
feature subspaces enable the modelling of complex prostate cancer structures and disease patterns both locally and
regionally. This approach preserves cancer borders, improves classification accuracy, and captures long-range feature
associations, particularly in challenging MRI images. Equation (9) explains the sparsity metric for inquiries.

ng

©9).

Mg, Pl= mgd E

where 9; represents the /- th query in the space of features, P s the set of key vectors, ’ indicates the i- th

. . o K
e provides the feature level for scaling dot-product similarities, ~ . represents the total number of keys, and
KL

N(gjl P) f - z

denotes the sparseness score for the -t query vector. /' Indicates the sum of all the essential vectors

g,/
2 g,

key vector,

1m

Ve oo . TR
in the sequence, is the logarithm of the total similarity scores, and d is the exponential similarity between

and . Scaled dots product attention to prostate cancer extraction of features is explained by Equation (10).

Attentiolk, Q,U) = snfman{ K‘q; U
e

VE:

(10).

A €
Where Q represents the query matrix, K the key matrix, u the value matrix, P the key dimension used for scaling,

Fali
and KQ

converts similarity scores. These operations allow the model to identify cancer-relevant regions in prostate
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MRI images. S represents the similarity score matrix computed from the dot product of queries and keys. Equation (11)
explains the multi-head ProbSparse Attention output for prostate cancer feature extraction.

Muittihead K, Q,U) = Concatg, ¢, a,.) (11).

where the output of the /- th attention head is represented by 9 , M indicates the total number of attention heads, and

the concatenation operation merges all head outputs into a single feature map, which is represented by Con Cat. This
produces a cohesive feature representation, enabling the model to accurately delineate prostate cancer regions by capturing
both global tissue structure and localized intensity patterns.

b. A Spherical Convolutional Neural Network (SCNN)

The SCNN utilizes Extended Gaussian Images (EGIs) to efficiently capture spatial domain oscillations in prostate MRI
images for cancer diagnosis. Because SCNN combines circular harmonics and zonal kernels to reduce the number of
learnable parameters while preserving strong feature representation, it is ideal for tiny medical datasets. This method
provides a straightforward but effective alternative to conventional statistical or simulation-based photo analysis
techniques. By modeling spatial information on spherical domains, SCNN enhances the detection of anomalies, stage
classification, and region identification in prostate cancer image processing, ultimately improving diagnostic Accuracy.
Equation (12) explains this process.

pr = [N,
xz (12).

where spherical functions of degree /7 and order K are used to depict the spatial distribution of the prostate MRI data.

K
m

~K
harmonic coefficients are indicated by P, , and feature traits are filtered by I'( Y ) To extract diagnostic data from the
coefficients used in prostate cancer picture analysis, Equation (13) applies the inverse transform.

Re S S
0sns Rlfsm (13)

By projecting x into the unit sphere, it defines the detected region, signifying a particular cancerous spot. Spherical

. , : . . r’
where, R produces a uniform circular form that depicts a cancer zone, Y stands for the general base integration, and "

indicates the harmony of the surface component for degrees m n Weighted basis averages that capture diagnosing

2

patterns at various resolutions inside the spherical domain are indicated by numbers %=/ R and =™

function for practical prostate cancer image analysis is shown in Equation (14).

. The enlargement

o, (14).
p . . . . Dk . .
where represents the approximation correlation matrix, denotes the real correlation matrix of cancer-related

features, and ” HG stands for the Frobenius norm. The error measure DG quantifies the difference between actual and
predicted covariance values in prostate cancer image analysis. By combining spherical convolution and ProbSparse multi-
head self-attention, M-HPSCNet enhances prostate cancer diagnosis in MRI by identifying both localized intensity
fluctuations and global tissue features. This method guarantees accurate categorization even with tiny medical collections,
lowers parameters, and enhances anomaly detection. LOA is used to increase the MHPSCNet weight parameters, which

are denoted as {77 and 1.
F. Lyrebird Optimization Algorithm (LOA)

Optimization fine-tunes model parameters, hyperparameters, or processes, ensuring maximum Accuracy, efficiency, and
generalization for medical image analysis tasks. The LOA[27] is a nature-inspired metaheuristic that is based on the
Lyrebird's capacity to avoid danger. Exploration (escaping to safer regions) and exploitation (hiding in safe areas) are two
survival strategies that it mimics. Candidate solutions represent lyrebirds in the search space where fitness values define
safe places. Positions are updated through the use of escape and concealment techniques, enabling efficient local and
global search. Because LOA avoids local optima and effectively balances exploration and exploitation, it is often
employed in optimization tasks like determining controller parameters.
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Step 1: Initialization

Initiate a population of lyrebirds and establish a maximum number of iterations. Each Lyrebird has a response. Equation
(15) explains how positions are initialized.

L=(T. T T =120 &) (15).

where Lyrebird's location vector, represented by "2, is one possible solution in the dimensional search space. 7; Shows
the Lyrebird's Position, /- th dimension, and a particular attribute or parameter value that is essential to categorization

precision. The current lyrebird population's index, T , ranges from 110 P , where P represents the overall amount of

dimensions taken into account for optimization. ~ Ultimately, K represents the total number of lyrebirds, or alternative
solutions, that have been randomly seeded to maximize classification performance and explore.

Step 2: Fitness Function

Employing a fitness function that indicates categorization performance, each Lyrebird's Position is assessed. The fitness
function is explained by Equation (16).

Fitness function = Min( nm) Max (Accuracy) (16).

where /77 represents the computing cost and {7 denotes the error rate, both of which ought to be minimized.

Max (Accuracy ) It can be utilized to emphasize a model's best performance while classifying image data.

Step 3: Escape Behaviour

During this phase, lyrebirds enhance their global search capabilities by updating their locations to enter safe zones.
Equation (17) explains escape position updates.

g5 = 9+ 5,084, - 4,0 9,) (17).

SSA . i - S..
where 4" denotes the J th Position of the chosen safe area, /' gives a random value that ranges from 0 to 1,
K1

and “/ displays the most significant recent Position for the T th Lyrebird in /- th dimension. A randomly selected

value, /', which can be either 1 or 2, determines the direction of progress in the position update.

Step 4: Hiding Strategy

Lyrebirds adjust their precise location within their environment to take advantage of the most popular choices. The hidden
position update is explained by equation (18).

VG- gg

aff =g, (125, )} (18)

K2
ve C . K o
where, ' and 96 are the upper and lower bounds of the / th parameter, ~/*' and represent the updated location in

/- th dimension for the - th Lyrebird, respectively, and Sstands for the current iteration number.
Step 5: Termination
The process determines whether the maximum number of repetitions has been reached.  If not, the process goes back to

the investigation stage and modifies the overall number of iterations f=i+1 . When the maximum number of iterations
is reached, the technique selects the optimal alternative with the lowest error in reconstruction and the highest classification
accuracy. LOA aims to effectively adjust the model variables and hyperparameters to maximize classification accuracy
while lowering computing cost and error. To balance local exploitation with global exploration in the search space, it
imitates lyrebird survival techniques. Figure 2 provides the LOA.
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Fig.2. Flow chart for Lyrebird Optimization Algorithm

4. RESULTS AND DISCUSSION

The proposed method utilizes the SCNN neural network, which was developed from the SPIE-AAPM-NCI Prostate dataset
and optimized using the LOA. The NVIDIA GeForce RTX 2060 GPU (4 GB), an Intel Core 17-10750H processor, 16 GB
DDR4 RAM, and a 500 GB SSD have been evaluated using Python v3. Table 1 provides a summary of the model and
implementation parameters.

TABLE I. IMPLEMENTATION PARAMETERS

Parameters Values

Neural Network SCNN

Dataset SPIE-AAPM-NCI Prostate

Optimization ?{;Z::gm Optimization

GPU %LDIA GeForce RTX 2060,
Intel Core 17-10750H, 10th

Processor Gen, Base Clock 2.6 GHz,
Turbo Boost up to 5.0 GHz

RAM 16 GB DDR4, 2666 MHz

Storage 500 GB SSD

Programming Language Python v3

A. Dataset description

The SPIE-AAPM-NCI Prostate dataset[8] MRI image comprises 346 patients with PI-RADS scores >3, including T2-
Weighted (T2W), Dynamic Contrast-Enhanced (DCE), Proton Density-Weighted (PD-W), and Diffusion-Weighted (DW)
MRI series. Each patient has multiple DICOM images and one Ktrans image, totaling 309,251 images (15.1 GB) across
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18,321 series. The dataset is labeled for binary classification: Prostate Cancer (GG >3, Gleason Score >7) and Non-Cancer
(GG <3). The training set contains 112 lesions, and the testing set contains 70 lesions. Lesion locations and Gleason Grades
are recorded in Excel files. For this study, 56 MRI images—32 T2W, 12 Ktrans, and 12 ADC—are used.

B. Performance Analysis of Proposed Model

The effectiveness of the proposed method is evaluated using the SPIE-A APM-NCI Prostate dataset, with a focus on features
that are critical for accurate cancer identification. Model performance is assessed using F1-score, Accuracy, precision,
recall, and specificity. The results demonstrate the method's excellent Accuracy in detecting prostate cancer lesions, high
consistency during training, and reliable assistance for classification and diagnostic analysis.

1 : 2
—s&— Training
Validation
0.8
£0.6
£ 2
g =
< 0.4
0.2
Training
Validation
0
0 50 100
Epoch
(@) (b)

Fig.3. Proposed (a) Accuracy and (b) Loss for SPIE-AAPM-NCI Prostate Dataset

Figure 3 demonstrates the suggested model's performance during training and validation on the SPIE-AAPM-NCI dataset.
While loss continuously declines, Accuracy gradually rises to almost 1. This shows good generalization ability, consistent
convergence, decreased prediction error, and efficient learning for MRI-based prostate cancer diagnosis.

C. Comparative analysis

The efficiency of the suggested MHPSCNet-LOA technique for prostate cancer diagnosis is assessed using the SPIE-
AAPM-NCI Prostate dataset. Specificity, Accuracy, recall, precision, and F1-score are the primary performance measures
taken into account. The comparison results against other approaches, such as 3D CNN [8], Residual Network (RN) [9],
DeepLabv3+ [10], and SVM [11], are shown in Table 2.

TABLE II. PERFORMANCE COMPARISON ON THE SPIE-AAPM-NCI PROSTATE DATASET

Methods Accuracy Precision (%) Fl-score Recall Specificity
(%) (%) (%) (%)

3D CNN [8] 86 77 72 13 12

Residual Network (RN) [9] 87 81 88 16 17

DeepLabv3+[10] 84 79 89 17 13

SVM [11] 86 84 85 19 10

MHPSCNet-LOA (proposed) 99.85 99.62 99.58 0.3 0.2

Table 2 evaluates the effectiveness of various methods for identifying prostate cancer. Accuracy ranges from 84 to 87%
for traditional models with moderate Accuracy and F1-scores, including 3D CNN, RN, DeepLabv3+, and SVM. However,
the proposed MHPSCNet-LOA achieves 99.85% accuracy, 99.62% precision, and 99.58% F1-score, outperforming
existing deep learning methods in terms of resilience, diagnostic reliability, and Accuracy.
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Fig.4. ROC Curve Comparison of Different Methods on SPIE-AAPM-NCI Prostate Dataset

Figure 4 shows the ROC curve, which contrasts the classification performance of several models. The recommended
method outperforms 3D CNN, RN, DeepLabv3+, and SVM in terms of sensitivity, specificity, and durability for MRI
image-based prostate cancer diagnosis, achieving an AUC of 1.00.

5. CONCLUSION

The proposed Multi-Head ProbSparse Spherical Convolutional Network with Lyrebird Optimization Algorithm (M-
HPSCNet-LOA) presents a robust and intelligent framework for prostate cancer detection from the SPIE-AAPM-NCI
Prostate dataset using MRI images. By integrating Deep Attentional Guided Image Filtering for effective pre-processing,
Single-Head Vision Transformer for accurate segmentation, Dimba (TMDM) for efficient feature extraction, and a hybrid
classification model combining ProbSparse Self-Attention with Spherical Convolutional Neural Networks, the approach
captures both global structural patterns and localized tumor-specific details. The incorporation of the Lyrebird Optimization
Algorithm further enhances the system by fine-tuning model parameters and preventing convergence to local optima,
thereby achieving improved stability and Accuracy. Experimental evaluation on the SPIE-AAPM-NCI dataset
demonstrates outstanding performance, with an accuracy of 99.85%, precision of 99.62%, and F1-score of 99.58%,
surpassing existing deep learning and traditional approaches. The advantages of this framework include strong diagnostic
reliability, efficient representation of prostate tissue features, and adaptability through optimized learning strategies.
Nonetheless, the model has limitations, particularly its dependence on high computational resources, validation on a single
dataset, and limited interpretability for direct clinical use. Future research will address these challenges by testing across
larger and diverse datasets, incorporating explainable Al techniques, reducing computational complexity, and extending
applicability to multimodal analysis and other cancer types.
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