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Abstract: This study emphasizes the pressing need for improved laryngeal cancer detection. Current
diagnostic methods, primarily endoscopic imaging, are hindered by the increasing volume of patient data
and the potential for invasive biopsies to cause lasting damage. To mitigate these challenges, an artificial
intelligence-driven framework is proposed, leveraging deep learning to enhance diagnostic accuracy and
efficiency. This framework integrates VGG16 for robust feature extraction with an attention mechanism and
an LSTM decoder, enabling precise identification of laryngeal cancer. By incorporating channel and spatial
attention layers, the model focuses on relevant image features, improving detection accuracy. The suggested
strategy is to address issues with prediction accuracy, resource use, and real-time performance to provide a
more effective and assessable tool for early laryngeal cancer detection and better patient outcomes.
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I. INTRODUCTION

Laryngeal cancer is the seventh most malignancy that affects the larynx and have significant impact on
patient’s life quality and overall health outcomes [1]. There are numerous risk factors for this type of cancer,
such as extended exposure to sunlight, risky behaviours like smoking, binge drinking, and chewing betel
nuts, infectious diseases like Epstein-Barr virus and human papillomavirus, lifestyle choices like eating few
fruits and vegetables, and a family history of cancer[2][3]. Therefore early and assessable detection of cancer
is the demand for saving the life of patients.

Recently, endoscopic imaging has been regarded as the gold standard for sufficient human screening for
anaccurate diagnosis of primary stage laryngeal cancer globally. Furthermore, the number of laryngeal
cancer patients has been rising exponentially, the increasing number of patients brings with it a lot of data
that professionals must analyze and handle.. However, the interpretation of medical visuals is aninefficient
process and often leads to errors, might result in scarring and tissue damage. Particularly, the larynx’s
function is very susceptible to epithelial alterations and scarring, indicating that even minor tissue biopsies
may result in long-term negative consequences like dysphonia [4].

To resolve the aforementioned problems Artificial intelligence techniques have been put forth to help
physicians diagnose, evaluate risk, and make decisions regarding head and neck cancer in order to improve
screening, detection, and prognosis. [5][6][7]. Moreover, due to the capability of these techniques to process
a large amount of medical visuals lead to the early assessment of laryngeal cancer by using deep learning
algorithms [8][9][10][11][12][13].The current techniques for detecting laryngeal cancer cells have poor real-
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time performance, significant resource consumption, and low prediction accuracy. In this study an encoder
decoder-based framework has been proposed to overcome these problem to some extent.

Il. RELATED WORK

Artificial intelligence-based automated computing techniques, like as deep learning, do better in
identifying voice diseases than picture categorization.
Sarah A et. al. [14] introduces a novel method called the Laryngeal Cancer Diagnosis using the Dandelion
Optimizer Algorithm with Ensemble Learning (LCD-DOAEL). This method is specifically designed to
analyse throat region images for detecting laryngeal cancer, showcasing the integration of advanced
algorithms in medical diagnostics. Claudio Sampieri et. al. [15]proposed a deep learning model named
SegMENT-Plus, specifically designed for the automatic segmentation of laryngeal cancer in endoscopic
images. A new framework is presented in the study done by J. Sharmila Joseph et al. [16] that blends
handcrafted features from Local Binary Pattern (LBP) and First-order statistics (STAT) with deep learning
features from DenseNet 201. This hybridization enhances the representation of features extracted from
endoscopic narrowband images of the larynx, leading to more effective classification of laryngeal tissues.
Divya Rao et. al. [17] in her study explored the complexity of model as it helps in understanding the trade-
offs between model complexity and diagnostic accuracy, this is necessary for creating detection systems that
work..The study emphasises the importance of early detection of laryngeal cancer, which is critical for
improving treatment outcomes. By focusing on this aspect.
Yi-Fan Kang et. al. [18] suggested the Intelligent Laryngeal Cancer Detection System (ILCDS), a deep
learning-based solution specifically designed for effective laryngeal cancer screening in resource-
constrained rural areas. This system addresses the challenges posed by a shortage of laryngologists and
limited computer resources in these regions. The study also emphasized that the use of lightweight models,
particularly MobileNet, which excels in compact size and fast inference speed. This makes it suitable for
integration into the ILCDS, guaranteeing that even with constrained computational resources, the system
can function efficiently. Wei Wang et.al. [19] successfully created five survival analysis models tailored for
glottic carcinoma and non-glottic carcinoma (which includes supraglottic and subglottic types). This
distinction makes it possible to make prognostic forecasts based on particular cancer subtypes that are more
accurate. The study highlighted the effectiveness of the Random Survival Forest (RSF) model, which
outperformed traditional models. The C-index values achieved were 0.687 for glottic carcinoma and 0.657
for non-glottic carcinoma, indicating a strong predictive capability.Hyun-Bum Ki et.al. [20] proposed an
artificial intelligence model specifically designed to differentiate between healthy voices, laryngeal cancer
voices, and those affected by other laryngeal conditions such as vocal cord paralysis and benign mucosal
diseases. This model aimed to enhance early detection of laryngeal cancer based on voice analysis, which is
a novel approach in this domain.

I1l. STUDY DESIGN

Dataset:
The study has been performed on the Zenodo’s publicly available dataset, based on benign and malignant
tissues. The dataset is made up of visualisation of 210 adult patient’s sub epithelial tissues with different
classification. Table 1 describes the distribution of images in the dataset.

Table 1: Distribution of images in the dataset

Class Number of Images
Benign 7,657
Malignant 3,487
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IV. MODEL ARCHITECTURE

The study utilizes the strength of encoder and decoder based neural network architecture. Encoder module
extracts the characteristics of the image data and decoder module decodes the features for generating the
probabilities.

To obtain details from the input picture, the encoder VGG16 [21] was utilized.VGG16 stands out among the
well-known CNN architectures due to its straightforward design and contribution to the comprehension of
network depth in feature representation. There are sixteen weight layers, thirteen convolution layers, and
three fully linked layers in the network. Pretrained VGG16, utilizing the weights of image net, having the
strength of transfer learning that reduces the training time of the network and optimize the computational
power. The VGG16 network processes the input feature map up to the block5_conv3 layer.

Figure 1: Architecture of VGG16 architecture
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Convolutional block attention module (CBAM) [22] receives the encoder's features and uses them to
focus on the pertinent information, reducing the dimensionality of the feature maps.CBAM is a useful
neural network architecture attention module. CBAM module helps to focus on the important features of the
input image by suppressing the unnecessary noisy data from the input image. The Channel Attention module
and the Spatial Attention module are the two distinct modules that make up the attention module. Every
channel is regarded as a feature descriptor in the Channel Attention module. The aggregate spatial feature
map was created by increasing the representational capacity of the input data via the use of maxpooling and
averagepooling processes. The spatial attention module assesses the inter-spatial connection of features to
concentrate on the pertinent information.

The input feature maps are multiplied by the attention maps generated by these two channels in order to
enhance feature extraction. The structure of CBAM module can be represented as follows.
Figure 2: Architecture of CBAM module
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The CBAM block's output feature map is used by Long Short-Term Memory (LSTM) [23]. There are
concealed short-term memory states and a large number of intermediate long-term memory cells in LSTM.
This architecture handles the flow of information effectively. The main component of LSTM architecture
are input, forest and output gate, ensuring to regulate the information flow and discard the irrelevant
information.
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Figure 3: Architecture of LSTM
The output probabilities produced by the LSTM output gate used to predict the correct class. Figure 4
depicts the overall architecture of the proposed network.
Figure 4: Proposed framework for the model
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The proposed network utilizes the VGG16 network processes the input image up to the block5_conv3 layer
to extract the features. CBAM module refines these features by highlighting important channels and spatial
locations. Global average pooling has been applied that converts the spatial features to a 1D representation.
A dense layer is added to the architecture to create the final feature embeddings. The features are processed
through an LSTM (as a sequence of length 1). A final dense layer with sigmoid activation has been applied
to produce the probabilities.

V. IMPLEMENTATION DETAILS AND RESULTS

Experimental setup
The current study is carried out using Kaggle P100 GPU having 16GB RAM. Additionally, python,
for its vast library of machine learning task, is used to develop the model. Several libraries have been
utilised including numpy for numerical calculations, pandas to build the data frames, and matplotlib to plot
the results.
Performance metrics:
The study has been evaluated on the several metrics including precision, recall, accuracy and F1 Score

which can be calculated as follows
True Positive + True Negative

Accuracy =
y True Positive + True Negative + False Positive + False Negative
True Positive

Recall =
eca True Positive + False Negaive
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True Positive

Precision =
True Positive + False Positive

Precision X Recall
F1Score=2X

Precision + Recall
Results:

The study suggested an encoder-decode based framework to improve the categorization of benign and
malignant lesions by utilizing VGG16 and an attention mechanism with LSTM. The accuracy of the
proposed approach reaches 95%. Table 2 shows the quantitative result obtained from the proposed method
and Table 3 shows the hyperparameter settings of the experiment.

Table 2: Quantitative analysis of precision, recall, and F1 score obtained from the proposed network

Class Precision(%) Recall(%) F1 Score(%)
Benign 97 96 96
Malignant 90 94 92

Table 3: Hyperparameter settings used in the experiment

Hyperparamet Setting
er
Batch size 32
Epoch 100
Activation reLu in each convolutional layer and softmax in
Function Dense Layer
Input Shape 224,224, 3
Loss Function Categorical cross entropy
Optimizer Adamx with learning rate 0.0001

Figure 5 shows the graph of training process. The training graph depicts that model learns linearly with
respect to the epochs. Figure 6 shows the confusion matrix obtained from the proposed network after
training. The confusion matrix demonstrates how effectively the model distinguishes between cancerous and
benign cells.

Figure 5: Training and validation accuracy graph of the proposed architecture
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Figure 6: Confusion matrix obtained from the proposed architecture
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V1. CONCLUSION

The study has effectively integrated VGG16 with attention mechanism and LSTM decoder, achieving a
breakthrough in the identification of laryngeal cancer. Additionally, the proposed structure is capable for
better feature mining and focuses on the relevant features by utilizing channel and spatial attention layers.
The result of proposed framework reflects in better accuracy, precision, recall, and F1 Score and can be
further evaluated with real time clinical data under observation.
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