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Background: Laryngeal carcinoma (LC) is one of the major cancers affecting the head and neck
Published: 01 August, 2026 region, where delayed diagnosis can reduce survival rate and affect vocal function. Although
medical image-based automated detection systems are useful and accurate, LC detection remains
challenging due to variations in inter-class differences, unclear lesion boundaries, noise, and the
distinct appearance of malignant tissues. The current state of the art in deep learning models relies
on single-network feature extraction approaches, which restricts the ability to derive spatial and
semantic representations from complex laryngeal images.

Methods: To address these issues, this paper presents an Artificial Intelligence-based Deep
Convolutional Feature Fusion Model (AI-DCFFM) for Robust LC Detection using Medical
Imaging. The presented method extracts deep features using MobileNetV2, DenseNet, and CapsNet
architectures. Further, a parallel maximum covariance (PMC) based fusion strategy is introduced to
combine the complementary feature representations obtained from the multiple DL models.

Keywords: Results: For classification, a deep belief network (DBN) classifier is used to differentiate healthy
and cancerous tissues. Additionally, the zebra optimization algorithm (ZOA) has been employed for
optimal tuning of DBN hyperparameters to enhance the detection performance. The proposed model
can be assessed by utilizing the benchmark laryngeal image dataset containing four tissue classes.

Laryngeal Carcinoma, Deep
Feature Fusion, Medical
Image Analysis, Artificial
Intelligence, Computer- Conclusion: Experimental outcomes indicate that the proposed technique accomplishes boosted
classification performance with an accuracy of 99.35%, outperforming existing methods under
different evaluation metrics. The experimentation outcomes highlight the efficiency of the proposed
method for reliable computer-aided LC diagnosis.
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Introduction

aryngeal carcinoma (LC) poses a
significant threat to public health in the

modern era, impacting individuals
globally. Imaging techniques like
magnetic resonance imaging (MRI),
ultrasound  (US), and computed

tomography (CT) are vital for staging, helping assess
tumor size, cartilage involvement, local spread, and
nearby lymph node metastasis [1]. Recently, leveraging
endoscopic imaging systems has been the conventional
approach for effectively examining individuals
suspected of having LC at an initial stage in clinical
settings. Current breakthroughs in  Artificial
Intelligence (AI) models, computer hardware, and
extensive medical imaging datasets are empowering
healthcare researchers and computer scientists to
collaboratively enhance the dependability of cancer
risk classification. These improvements signify a
substantial step beyond traditional techniques,
including Cox analyses, logistic regression, and multi-
factor analysis. The development of Machine Learning
(ML) has drawn rising attention, sustained by a rapid
increase in evidence for its extensive applications under
several cancers [2]. Deep learning (DL) algorithms
have also developed highly popular presently due to
their capability for achieving the highest prediction
accuracy [3]. Despite the recent developments in Al
and DL methods for LC detection, numerous
challenges remain. Existing methods mainly depend on
single DL architectures, which may not efficiently
capture complementary feature representations from
complex laryngeal tissue images.

Therefore, there is a need for an effective deep
feature fusion framework that can improve the
robustness and accuracy of LC detection using medical
imaging data. Motivated by these challenges, this paper
presents an Al-based Deep Convolutional Feature
Fusion Model (AI-DCFFM) for Robust LC Detection
using Medical Imaging. The major contributions of the
proposed work are as follows:

e Carry out deep feature extraction using
MobileNetV2, DenseNet, and CapsNet approaches
to obtain discriminative feature representations
from medical images.

e Introduce a parallel maximum covariance (PMC)
based feature fusion strategy to combine
complementary deep features for improved tissue
characterization and classification performance.

Utilize Zebra Optimization Algorithm (ZOA) with
a deep belief network (DBN) classifier for effective

recognition of healthy and cancerous laryngeal tissues.
Related Studies on LC Detection

Nie et al. [4] presented an enhanced YOLOv8
architecture termed MSEC-YOLO, particularly
developed for detecting and classifying LC from
endoscopic imaging. A new multi-scale improved
convolution model is presented to enhance the system’s
feature extraction ability. Al Khulayf et al. [5]
presented the fusion of efficient TL methods alongside
Pelican Optimizer for precise LC classification. The
authors [6] established a timely LC recognition system
leveraging the hybridization of deep and manual
features. This process leads to more informative
features crucial for the prompt recognition of LC,
contributing to a reduction in mortality rates. The
authors [7] presented an automated LC Detection
through the dandelion optimizer algorithm with the
ensemble learning methodology on biomedical throat
region images. Joseph and Vidyarthi [8] proposed a
two-fold model for the timely detection of Laryngeal
Squamous Cell Carcinoma (LSCC) through a
lightweight Deep CNN and statistical features. The
visual examination presents the major difficulty
because it strongly depends on the clinical experience
and knowledgeable doctors. Naga Padmavathi et al. [9]
have developed a novel Optimization-Based Cascaded
DNN (OCDNN), which differentiates between healthy
and unhealthy tissues. Furthermore, offers cascaded
patch-based CNN (CP-CNN) image segmentation. Luo
et al. [10] presented end-to-end networks (DCA-
DAFFNets) alongside the deep adaptive feature fusion
(DAFF) and deformable convolution guided attention
blocks (DCABSs), to enhance the grading capability. Bu
et al. [11] presented the multi-modal internal-based
feature representation learning (MIFRL) approach by
detecting multi-attributes and creating endoscopic
procedure documentation.

Materials and Methods

In this work, an automated LC detection model
named AI-DCFFM is developed using medical images.
Figure 1 demonstrates the workflow of the presented
AI-DCFFM approach.

Dataset Descriptions

In this study, a publicly available laryngeal image
dataset from the Kaggle platform was utilized [12]. The
dataset was divided into 80% training data and 20%
testing data for evaluation. The experiments were
conducted using Python and TensorFlow/Keras with
GPU support. The dataset contains 1320 image patches
of healthy and early-stage cancerous laryngeal tissues,
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Figure 1. Complete Process of the proposed AI-DCFFM Model.

where each image patch has a size of 100x100 pixels,
collected from narrow-band laryngoscopic images. The
dataset consists of four tissue classes, such as
Hypertrophic Blood Vessels (HBV), Healthy Tissue
(HE), Abnormal IPCL-like Vessel (IPCL), and
Leukoplakia (LE), with 330 images in each class. The
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Figure 2. Sample Images of the Laryngeal dataset.

Gopinath A, et al. Deep Convolutional Multi-Feature Fusion Approach for ....

balanced distribution of images helps in effective
training and evaluation of the classification model.
Figure 2 indicates a sample set of images.

Deep Convolutional Neural Network
Architectures

The initial point-wise convolution in the bottleneck
component of MobileNet-V2 leads to developing the
feature mapping channel. The second point-wise
convolution in the bottleneck component of
MobileNetV2 helps in improving feature extraction
efficiency with reduced computational complexity.
MobileNet-V2 includes stacking bottleneck modules.
All bottleneck components are the inverse residual
framework that acknowledges a depth-wise separable
convolution, for example, a point-wise convolution
accompanied by a depth-wise separable convolution.

Y=X+f+b (1)

The parameter complexities of the depth-wise
separable convolution in MobileNet-V2 are (1/N +
1/K"2) times that of normal convolutions. DenseNet
is a DL technique employed for identifying images,
with its core aspects being the densely connected
framework. Each layer receives inputs from each
preceding layer, which improves feature recycling and
gradient flow, consequently improving the reutilization
of aspects. The dense connection is specified.

HIl=H(-1)®H(l-2)..0HO0 (2)

Now [x_0,x_1,..,x_(I—1)] refers to the
concatenation of outputs from each preceding layer,
and H_l signifies the transformation function of

[the 1] _th layer. Compared to conventional CNN
models, CapsNet captures spatial relationships between
image features more effectively. The input and output
of CapsNet are represented as vectors. CNN separates
the iterative dynamic weights and routing methods by
selecting the capsule's value.

u_(j/i) = w_iju_i 3)

The prediction vector v _(j/i) It is utilized to
determine the similarity between the input vector and
higher-level capsule representation during the routing
process.

Feature fusion offers a richer feature area for
recognition applications. The incorporation of multiple
deep CNN feature mapping outcomes is performed in
the proposed feature space. Assume the deeper CNN
attributes removed from the 2 deeper CNN methods
represent @*m1l and @”*m2. The features extracted
utilizing the pretrained MobileNetV2, DenseNet, and

IIMTEM. 2026:16:E52406.

]



.

2026, Volume 16, E52406

International Journal of
Medical Toxicology & Forensic Medicine

CapsNet models are represented as feature vectors with
different dimensions. The extracted feature spaces are
balanced through average padding before the fusion
process to obtain compatible feature representations.
The maximal covariance of ¢_1 and ¢_2 can be defined
as follows.

f=Cov[z_(1"") z_2] 4
Fpi19, = = (@mDmaT) (5)

n—

In the proposed method, the feature vectors
extracted from MobileNetV2, DenseNet, and CapsNet
are fused through the PMC-based fusion strategy to
attain a more discriminative feature representation. The
covariance-based fusion process assists in preserving
complementary information from different DL
approaches while reducing redundant representations
[13]. The fused feature vector is then passed to the DBN
classifier for LC detection.

LC Classification using DBN

For the LC detection model, the DBN classifier is
used. The DBN was selected because of its ability to
learn hierarchical probabilistic feature representations
efficiently with limited dataset sizes, thereby
minimizing overfitting risks compared to deeper fully
connected architectures. The fused feature vectors
obtained from the PMC fusion model are provided as
input to the DBN classifier for LC detection. The DBN
offers multi-level hierarchical features utilizing
numerous Restricted Boltzmann Machines (RBM)
[14].

E(wh)=-Y (i=D™8v.ibi-Y (
= DMNHERJ cj— X (i = 1) "vEY_(
= DAHEv_ i hjW_ij (6)

RBM calculates the energy for all configurations of
the HLs and input (visible) layer utilizing formulations.
Now, v_i and h_j represent binary states of the HL and
input layer, b_i and h_j represent bias values of the HL
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Figure 3. Architecture of the proposed DBN.

and input layer, V specifies the input layer counts, H
signifies the HL counts, and W_ij symbolizes weights
connecting the input layer and HL. This model assigns
probability. p(v) to the input vector v utilizing the
expression below. Figure 3 demonstrates the
architecture of DBN.

Model Optimization

Finally, the ZOA is applied for optimal fine-tuning
of the DBN parameters to improve predictive
performance. ZOA is a new bio-inspired metaheuristic
model mainly inspired by the zebra behaviour [15]. It
simulates their searching habits and predator-avoidance
strategy. The basic principle of ZOA is the replication
of social dynamics monitored in wild zebra herds. The
ZOA model upgrades its members by integrating the
dual natural behaviours of zebra such as foraging and
defence against predators. In every iteration, the
population of ZOA is upgraded in a dual-stage manner
depending on these behaviours. In DL approaches,
hyperparameters play a significant role in controlling
the classification performance. Proper tuning of the
hyperparameters assists in enhancing the generality of
the model and reducing overfitting issues. Therefore, in
this work, ZOA is used to optimally tune the DBN
classifier parameters for improving LC detection
performance.

Fitness=Max (Accuracy) @)

In the proposed model, ZOA is used to determine
the optimal hyperparameter values of the DBN
classifier by maximizing the classification accuracy.
The optimization process iteratively updates the search
agents to obtain the best fitness value with reduced
classification error.

Results and Discussions

This section offers a detailed result analysis of the
model, including training configuration, performance
analysis, comparative evaluation, and ablation study.
Figure 4 exhibits the confusion matrices produced by
MobileNetV2, DenseNet, CapsNet and the AI-DCFFM
technique for the classifier solutions. The diagonal
components in every matrix indicate the correctly
categorized instances, although the non-diagonal

elements denote misclassified samples. Fig. 4a
illustrate  the MobileNetV2 model performed
moderately less effectively than the alternate

approaches. Fig. 4d presents that the AI-DCFFM
technique can be realized the maximum number of
predictions with some misclassification errors
throughout every class. Such outcomes confirm the
efficiency of the proposed AI-DCFFM system for
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Figure 4. Confusion matrices with (a) MobileNetV2, (b) DenseNet, (¢) CapsNet and (d) AI-DCFFM methods.

Table 1. Laser Photobiomodulation Dosimetric and Calibration Parameters.

Methods Accur,  Preci, Recal, Fl,.0e Computational Complexity (sec)
Compared with ML Model
Linear Discriminant Analysis 90.90 89.81 98.79 92.06 7.15
Support Vector Machines 94.46 93.27 97.75 97.52 5.64
KNN Algorithm 94.85 93.17 87.04 87.13 5.90
Decision Tree 89.73 87.74 94.90 90.41 5.64
Naive Bayes 94.97 90.90 97.63 87.56 6.27
Compared with DL Model
Densenet201 Model 91.07 85.64 96.15 88.20 6.01
Alexnet Method 90.97 91.72 95.37 94.55 6.76
Inception v3 Model 89.43 92.72 88.97 93.18 5.70
Mobile Neural Architecture Search Network 88.72 92.97 95.08 98.22 6.98
Mobilenet v3 Algorithm 85.58 96.08 91.84 91.73 5.46
Compared with Proposed Model
SqueezeNet+DenseNet+ResNet +VGG 97.32 93.29 91.75 97.31 5.50
Novel Feature Fusion Network 96.49 81.33 94.40 95.22 3.57
ResNet-152+MobileNetV3 84.19 98.42 82.82 88.56 4.87
CNN—BIT 87.07 85.06 86.81 82.30 6.13
MobileNetV2+ResNeXt-50 86.17 92.61 83.27 84.00 5.21
AI-DCFFM 99.35 98.70 98.70 98.70 2.36
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enriching classifier performance. indicated that the AI-DCFFM method achieves better
performance.

Table 1 shows the comparative results of the Al- The DL models have attained lower performance,

DCFFM approaches with other methodologies using while the ML models have slightly higher performance.

evaluation metrics [16, 17]. The stimulation outcome

I
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In addition, the SqueezeNet+DenseNet+ResNet
+VGG, Novel Feature Fusion Network, ResNet-
152+MobileNetV3, CNN-BIT, and
MobileNetV2+ResNeXt-50 approaches have
performed moderate outcomes. At the same time, the
proposed AI-DCFFM method has achieved a greater
outcome with acc fur] _y of 99.35%, pre [ci] n
of 98.70%, rec [al] _l of 98.70%, and F_score of
98.70% long with a lower computational complexity of
2.36. Therefore, the AI-DCFFM model demonstrates
better overall effectiveness compared to state-of-the-art
approaches.

Conclusion

In this paper, we have designed and developed the
AI-DCFFM algorithm for reliable computer-aided LC
diagnosis in a healthcare environment. Primarily, the
image pre-processing is implemented using an AMF to
remove noise while maintaining crucial structural
details. Following, a PMC fusion technique is used to
incorporate complementary features removed from
MobileNetV2, DenseNet, and CapsNet frameworks to
successfully differentiate between healthy and
cancerous tissues. For the LC detection model, the
DBN classifier is used. Finally, the ZOA is applied for
optimal fine-tuning of the DBN parameters to improve
predictive performance. The empirical result analysis
of the AI-DCFFM system occurs against the
benchmark laryngeal dataset, and the comparative
outcomes establish the enhanced performance over the
recent techniques under different measures.

Future research should focus on enhancing the
robustness and generalizability of the presented
architecture by validating large-scale, multi-
institutional clinical datasets. External clinical
validation would help assure the model’s reliability
over various imaging conditions and patient
populations. Additionally, it might discover the
improvement of computationally efficient or
lightweight frameworks to decrease processing time
and allow real-time clinical deployment. Expanding the
architecture to comprise a broader range of laryngeal
disease classes and integrating multi-modal clinical
data could further improve its diagnostic performance
and practical applicability in real-world healthcare
environments.
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  h _ j


  b _ i


  h _ j


  𝒱


  ℋ


  W _ i j


  p ( v )


  v


  𝑨 𝒄 𝒄 𝒖   𝒓  𝒚


  𝑷 𝒓 𝒆 𝒄   𝒊  𝒏


  𝑹 𝒆 𝒄 𝒂   𝒍  𝒍


  𝑭   𝟏  𝒔 𝒄 𝒐 𝒓 𝒆


  a c c 〖 u r 〗 _ y


  p r e 〖 c i 〗 _ n


  r e c 〖 a l 〗 _ l


  F _ s c o r e

