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Abstract 11 

Background: Laryngeal cancer is currently a common clinical malignancy, and its early diagnosis is of great significance for 12 

improving patient survival rates. With the widespread application of deep learning technology in the field of medical image anal-13 

ysis, this study aims to establish an intelligent diagnostic system for early screening and precise diagnosis of laryngeal cancer.  14 

Methods: We design the ScSE and GC modules and develop a lightweight laryngeal disease classification network named 15 

LLLDNet, employing a combined enhancement strategy of transfer learning and knowledge distillation to improve the accuracy 16 

of laryngeal disease image classification. we also design the HA and MSFF modules to develop a laryngeal cancer segmentation 17 

network named HAM-Unet, which integrates hybrid attention and multi-scale feature fusion. Finally, we conduct experiments on 18 

the proposed LLLDNet classification network and HAM-Unet segmentation network using datasets of laryngeal diseases and 19 

laryngeal cancer, respectively.  20 

Results: Experimental results demonstrate that LLLDNet achieves an accuracy of 93.0% and a recall of 92.4%. While improving 21 

various metrics including accuracy, LLLDNet reduces the number of model parameters to only 0.425M and FLOPs to 294M, 22 

achieving sufficient lightweight design, conserving computational resources, and accelerating inference. The HAM-Unet network 23 



attains an IOU of 90.86% and an accuracy of 93.92%, significantly outperforming other segmentation models and enabling more 24 

precise delineation of laryngeal cancer lesion regions. 25 

Conclusion: These research findings indicate that the intelligent diagnostic framework constructed in this study holds significant 26 

potential for improving the efficiency and accuracy of laryngeal cancer diagnosis, providing a feasible technical solution for clinical 27 

computer-aided diagnosis. 28 

Keywords: Diagnosis of laryngeal diseases, lightweight network, knowledge distillation, multi-scale feature fusion, Laryngeal 29 

Cancer Segmentation 30 

1 Introduction 31 

Laryngeal cancer is a common head and neck malignancy worldwide, for which early diagnosis and precise treatment are 32 

crucial to preserve laryngeal function and improve patient survival[1]. In the medical field, deep learning has demonstrated signif-33 

icant potential and broad prospects for development. Particularly in the field of medical image analysis, artificial intelligence 34 

technologies based on convolutional neural networks (CNNs) have achieved major breakthroughs[2]. 35 

Accurately classifying laryngeal lesions as benign conditions or malignant laryngeal cancer is a critical step in screening and 36 

preliminary diagnosis. Laryngeal medical images exhibit complex and diverse tissue structures, posing several challenges in image 37 

processing. First, the laryngeal region contains multiple intricate and morphologically varied anatomical structures, which often 38 

have blurred boundaries and low contrast—particularly under pathological conditions—making accurate identification difficult. 39 

Second, inherent limitations in medical imaging equipment, such as noise, artifacts, and restricted resolution, further degrade image 40 

quality and complicate feature extraction. Traditional diagnostic methods for laryngeal lesions rely heavily on clinicians’ expertise 41 

and endoscopic examinations, which are often subjective, time-consuming, and require specialized operators[3]. 42 



 43 

Fig.1 Overall framework for the intelligent diagnosis of laryngeal diseases. This framework integrates the lightweight classification 44 

network LLLDNet and the segmentation network HAM-Unet, realizing an automated analysis pipeline from multi-class laryngeal 45 

disease screening to fine-grained contour extraction of laryngeal cancer lesions. 46 

Upon identification of a laryngeal lesion as cancerous, pixel-level precise segmentation is performed to delineate the tumor 47 

boundary, which serves as a key basis for T-stage classification. The segmentation results enable quantitative assessment of inva-48 

sion depth and extent, providing clinicians with more objective medical evidence. The task of laryngeal cancer segmentation faces 49 

even greater challenges: in early-stage laryngeal cancer or precancerous lesions, the color and texture differences between patho-50 

logical and surrounding healthy mucosa are extremely subtle, resulting in blurred boundaries between lesions and normal tissues 51 



and often leading to incomplete segmentation. Moreover, due to the deep anatomical location of the larynx, factors such as illumi-52 

nation and angle during image acquisition can introduce shadows, which may obscure textural features. This compromises the 53 

completeness of information extracted during segmentation and leads to inaccuracies in the results. 54 

Traditional machine learning approaches for laryngeal lesion recognition typically rely on handcrafted feature extraction, where 55 

identification is based on conventional image characteristics such as texture, morphology, and color. Techniques including Support 56 

Vector Machines (SVM)[4], Random Forests[5], threshold segmentation[6], edge detection[7], and region growing operate under 57 

this paradigm. These methods depend heavily on manually designed features, often requiring expert involvement, and are sensitive 58 

to data quality, necessitating extensive preprocessing. Moreover, the feature extraction and model training stages are decoupled, 59 

which may lead to a misalignment between feature design and model optimization objectives. When applied to limited datasets, 60 

such models are prone to overfitting, thereby limiting their clinical applicability. With the advancement of deep learning technol-61 

ogies and their successful application in medical image analysis, an increasing number of studies have shifted toward deep learning-62 

based approaches to overcome the limitations of traditional machine learning and further improve the performance of laryngeal 63 

lesion image segmentation. This paper presents an intelligent diagnostic system for laryngeal lesions, as illustrated in Fig. 1. The 64 

system first classifies laryngeal lesions into categories such as normal, benign diseases (vocal cord leukoplakia, vocal corditis, 65 

vocal polyps), and malignant lesions (laryngeal cancer). It then performs lesion segmentation on laryngeal cancer images. We 66 

propose a lightweight classification model, LLLDNet, along with a laryngeal cancer segmentation model, HAM-Unet, which in-67 

corporates a hybrid attention mechanism and a multi-scale feature fusion module. 68 

The main contributions of this study are summarized as follows: 69 

1) We propose two lightweight feature extraction modules, namely the GC and the ScSE. The GC module effectively reduces 70 

model dimensionality through group convolution, while the ScSE module employs a parallel attention mechanism to enhance the 71 

model's ability to capture complex features of laryngeal diseases. 72 



2) We designed a lightweight model, LLLDNet, and adopted a joint enhancement strategy integrating transfer learning and 73 

knowledge distillation to improve the accuracy of laryngeal disease image classification. 74 

3) We propose two modules, HA and MSFF, to enhance feature representation capabilities. The HA module improves feature 75 

representation by integrating multiple attention mechanisms, while the MSFF module employs dilated convolutions with varying 76 

rates to aggregate feature maps at different scales. 77 

4) Based on the UNet++ architecture, we designed a multi-scale feature extraction model, termed HAM-Unet, for precise 78 

segmentation of laryngeal cancer. 79 

2 Related work 80 

2.1 Medical image classification method 81 

Classification methods based on convolutional neural networks (CNNs) have been extensively studied in the field of medical 82 

imaging. To address the issue of information loss in multi-scale medical image classification tasks using traditional deep learning 83 

models, Liu et al. [8] proposed an adaptive deep learning module tailored to the characteristics of multi-scale medical image da-84 

tasets. An et al. [9] introduced a visual attention mechanism into a deep learning model, constructing a novel multi-scale convolu-85 

tional neural network that achieved higher accuracy than traditional machine learning algorithms on breast cancer image datasets. 86 

Alrowais et al. [10] developed a deep learning framework named LCDC-AOADL, which is enhanced by the Aquila optimization 87 

algorithm. Within this framework, the LCDC3 architecture is employed for feature extraction, and a Deep Belief Network (DBN) 88 

is utilized to perform classification tasks related to laryngeal cancer. Liu et al. [11] proposed a novel method utilizing semi-super-89 

vised adversarial learning and pseudo-labeling, which achieved an accuracy of 96.87% on a public dataset, outperforming most 90 

deep learning models. Mukhtorov et al. [12] introduced an interpretable deep learning approach based on ResNet152, integrated 91 

with Grad-CAM for endoscopic image classification, attaining high accuracy on the open-source KVASIR dataset. Liu et al. [13] 92 

developed a method based on the ConvNeXt pure convolutional neural network, incorporating an attention mechanism and adjust-93 

ing the loss function, which demonstrated superior performance on COVID-19 data. Nuzaiha Mohamed et al. [14] proposed an 94 



approach named ALCAD-DMODL, which employs a deep learning-based Dwarf Mongoose Optimization Algorithm for laryngeal 95 

cancer recognition. Wei et al. [15] proposed a deep learning-based automatic identifier by integrating output features from the deep 96 

neural network ResNet and Transformer to accurately recognize eight types of laryngeal lesions. Kwon et al. [16] constructed a 97 

convolutional neural network model based on vocal data and laryngeal images for the diagnosis of glottic cancer. Yin et al. [17] 98 

introduced an approach that utilizes an attention mechanism to classify laryngeal diseases using image tags. Given an input image, 99 

their method employs a pre-trained object localization model to identify key regions. While these improved convolutional neural 100 

networks have demonstrated strong performance in medical image classification tasks and achieved considerable accuracy, they 101 

often suffer from slow computational speed, large model size, and high hardware requirements. To address these limitations, this 102 

paper proposes a lightweight deep learning model specifically designed for laryngeal lesion diagnosis, named LLLDNet. The 103 

network aims to enhance computational efficiency and reduce model complexity, making it particularly suitable for clinical settings 104 

with limited medical resources and constrained computing equipment. 105 

2.2 Medical image segmentation method 106 

Convolutional neural networks have achieved notable research progress in medical image segmentation tasks. Shen et al. [18] 107 

proposed a dual-encoder image segmentation network incorporating HarDNet68 and a Transformer branch. This architecture ena-108 

bles the extraction of both local and global features from input images, allowing the segmentation network to learn richer image 109 

representations and thereby improving the effectiveness and accuracy of medical segmentation. Qian et al. [19] proposed an inno-110 

vative dual-encoder image segmentation network architecture that integrates HarDNet68 and Transformer branches to comprehen-111 

sively capture both local and global features of input images, significantly enhancing the effectiveness and accuracy of medical 112 

image segmentation. Yuan et al. [20] introduced a U-shaped network for colon cancer segmentation by combining depthwise 113 

separable convolutions with morphological operations, reducing model parameters while effectively improving segmentation pre-114 

cision. Zeng et al. [21] developed a quantitative image segmentation method for GICS based on deep reinforcement learning 115 

(DRL), which accurately distinguishes between test lines and control lines in GICS images. Yang et al. [22] proposed a U-shaped 116 



image segmentation model named GPDENet, which employs a progressive enhancement strategy to refine decoded features and 117 

incorporates lightweight full-scale skip connections, outperforming most existing methods. Pham et al. [23] introduced a novel 118 

network called SegTransVAE, which utilizes a variational autoencoder branch coupled with a transformer to perform joint seg-119 

mentation and reconstruction of input images. Ding et al. [24] developed a color normalization-based deep attention U-Net (CN-120 

DA-UNet) to achieve end-to-end segmentation. Montalbo et al. [25] designed a lightweight U-Net incorporating separable depth-121 

wise convolutions to reduce computational costs. While previous improvements in convolutional neural networks have enhanced 122 

the accuracy of medical image segmentation to some extent, the segmentation of specific medical images such as laryngeal cancer 123 

requires extremely high precision in delineating lesion areas. To address this need, this paper proposes a laryngeal cancer segmen-124 

tation method based on UNet++, which integrates hybrid attention and multi-scale feature fusion to achieve precise delineation of 125 

laryngeal cancer lesions. 126 

3 Method 127 

3.1 Classification model 128 

We adopt a two-stage knowledge transfer strategy. In the first stage, transfer learning is employed using a teacher model based 129 

on the ConvNeXt architecture[26], which has been pre-trained on the large-scale natural image dataset ImageNet. The pre-trained 130 

weights of ConvNeXt are initially loaded for the laryngeal lesion diagnosis task, and the number of neurons in the final fully 131 

connected layer is adjusted to match the number of laryngeal lesion categories. Subsequently, the model is fine-tuned on a self-132 

constructed laryngeal lesion dataset. Due to the difficulty in acquiring medical imaging data and the limited size of training samples, 133 

using models pre-trained on ImageNet as a starting point offers significant advantages. On one hand, these pre-trained models have 134 

already learned rich general visual features, substantially reducing the need for the model to learn basic features from scratch. On 135 

the other hand, this transfer learning strategy enables the model to focus more rapidly on learning medical imaging features specific 136 

to laryngeal lesions, while significantly reducing training time and computational resource consumption. 137 



 138 

Fig. 2 Lightweight convolutional neural network architecture 139 

Building upon transfer learning, this study further introduces knowledge distillation to optimize the lightweight student network 140 

LLLDNet. The core idea of knowledge distillation is to guide the learning process of a compact student model (LLLDNet) using 141 

a fully trained large teacher model (ConvNeXt). Specifically, the student model learns not only from the true class labels (hard 142 

labels) but also from the class probability distributions (soft labels) generated by the teacher model. These soft labels, smoothed 143 

by a temperature parameter, incorporate the teacher's confidence information in its predictions, thereby revealing latent relation-144 

ships among different laryngeal lesion categories. For instance, a sample classified as "vocal cord polyp" by the teacher model may 145 

also exhibit a certain probability of possessing features resembling "vocal cord leukoplakia." This probability distribution reflects 146 

the inherent similarities between different types of lesions. By simultaneously optimizing the loss functions for both hard and soft 147 

labels, the student model can inherit the rich knowledge acquired by the teacher model, achieving diagnostic performance compa-148 

rable to that of large-scale models while maintaining its lightweight architecture. 149 



3.1.1 Teacher network 150 

ConvNeXt is a pure convolutional neural network architecture that replaces self-attention layers with depthwise convolutions, 151 

while pointwise convolutions substitute the linear layers in Transformers. As illustrated in Fig. 2(a), the teacher network is designed 152 

based on the advanced ConvNeXt architecture and adopts a hierarchical feature extraction structure. The network first performs 153 

initial feature extraction through a 4×4 convolutional layer with a stride of 4, followed by layer normalization to stabilize the data 154 

distribution. The core structure consists of four stages, each comprising a downsampling module and multiple ConvNeXt blocks. 155 

The downsampling module reduces the feature map size by half through convolutional operations while increasing the channel 156 

count from 96 to 192. The network ultimately compresses spatial information via global average pooling, followed by layer nor-157 

malization, before the fully connected layer produces the final prediction. This design integrates the efficient local feature extrac-158 

tion capability of modern convolutional architectures with Transformer-style normalization and activation strategies, resulting in 159 

powerful feature representation capacity. The ConvNeXt block employs depthwise separable convolutions to capture spatial fea-160 

tures with large receptive fields. This is followed by a sequence of operations including layer normalization, 1×1 convolution for 161 

channel expansion, GELU activation, and 1×1 convolution for channel reduction to enable cross-channel interaction. Additionally, 162 

layer scaling and stochastic depth (drop path) techniques are incorporated to enhance training stability and generalization capabil-163 

ity. 164 

3.1.2 Student network 165 

Fig. 2(b) illustrates the student network architecture of the lightweight convolutional neural network LLLDNet, which employs 166 

a hierarchical structure composed of alternating GC blocks and ScSE modules. The network first extracts initial features through 167 

a standard convolutional block, followed by multiple downsampling stages. Each stage includes a GC block with a stride of 2 for 168 

feature extraction and spatial dimensionality reduction, where the number of groups increases progressively as 6, 16, 32, and 64 to 169 

enhance model capacity. Each GC block is followed by an ScSE attention module, which adaptively calibrates feature responses 170 

through parallel spatial and channel attention mechanisms, thereby enhancing critical features and suppressing noise. The network 171 



ultimately compresses spatial information through global average pooling, stabilizes the feature distribution via layer normaliza-172 

tion, and finally outputs the classification results through a fully connected layer. This design achieves efficient feature extraction 173 

and selective enhancement, improving the model's expressive power while maintaining computational efficiency. The GC module 174 

consists of a group convolution, Batch Normalization, and a ReLU activation function. The ScSE module is a parallel attention 175 

mechanism that enhances feature representation simultaneously from both spatial and channel dimensions. Upon receiving the 176 

input feature map, the module processes it through two parallel branches: the spatial attention branch first obtains spatial statistics 177 

via global average pooling, then generates a spatial weight map through a 1×1 convolution and an activation function, and finally 178 

performs element-wise multiplication with the input features to emphasize important spatial locations. The channel attention branch 179 

similarly acquires channel statistics through global average pooling, generates a channel weight vector via a 1×1 convolution, 180 

batch normalization, and an activation function, and then performs channel-wise multiplication with the input features to reinforce 181 

important feature channels. The outputs of the two branches are finally fused through concatenation, producing enhanced features 182 

that emphasize both critical spatial regions and significant channels. This effectively improves the model's ability to perceive salient 183 

features. 184 

3.1.3 Distillation loss 185 

To enhance the effectiveness of knowledge distillation, this paper introduces a temperature parameter T to soften the probability 186 

distributions. Based on the cross-entropy loss (ce_loss) between the student model's predictions and the true labels, the distillation 187 

loss (kd_loss) is calculated using KL divergence between the outputs of the student and teacher models. The final training loss is 188 

obtained as a weighted combination of these two losses. This combined approach preserves the deterministic information provided 189 

by the true labels while fully leveraging the inter-class correlation knowledge from the teacher model's outputs, thereby achieving 190 

more effective knowledge transfer. Experiments demonstrate that by appropriately setting the temperature parameter T and the 191 

weighting coefficient α, the student model can better learn the knowledge representation capability of the teacher model, attaining 192 

superior diagnostic performance while maintaining its lightweight design. 193 



The total loss function of the entire classification network is a weighted combination of two parts: the hard loss from the student 194 

model and the distillation loss. 195 

( )total 1ce kdL L L =  + −   196 

The standard cross entropy loss between the student model output and the real hard label: 197 
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Softened output of the student model: 201 
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KL divergence is used to measure the difference between the softening distribution qT of the student model and the softening 203 

distribution pT of the teacher model. 204 
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 205 

The coefficient α balances the contribution of the two loss terms. C denotes the total number of classes. The true label is 206 

represented as a one-hot vector y, where yi is the label for the i-th class. The student model's raw logits are denoted by S, and the 207 

corresponding predicted probability for the i-th class is si, si=softmax(S)i. The teacher's and student's raw outputs are zT and zS, 208 

respectively. The temperature parameter T softens the output distributions: T=1 yields the standard softmax, while T>1 produces 209 

a softer distribution with smaller inter-class probability differences. The distillation loss is measured by the KL divergence DKL 210 

The loss is scaled by T² to counteract the 1/T² reduction in gradient magnitude caused by the softening operation, thus making 211 

the effective weight of the distillation loss independent of the chosen T. 212 



3.2 HAM-Unet 213 

Based on UNet++ [27], we propose a new model named HAM-Unet for laryngeal cancer segmentation, as illustrated in Fig. 3. 214 

The model employs transfer learning by replacing the original VGG encoder with a ResNet50 encoder and utilizing pre-trained 215 

weights to accelerate convergence, thereby enhancing segmentation performance on small-scale laryngeal cancer datasets. Fur-216 

thermore, we design an HA module in the encoder for attention-based feature enhancement and introduce an MSFF module be-217 

tween shallow and deep encoder layers to achieve multi-scale feature fusion. This enables the model to capture finer details and 218 

richer contextual information across scales, ultimately improving the accuracy of laryngeal cancer image segmentation. To further 219 

improve the model's performance in laryngeal cancer segmentation, a Large Kernel Attention (LKA) mechanism is introduced in 220 

the decoder. By leveraging large-sized convolutional kernels to extract features, it effectively integrates local detail information 221 

and global semantic context, thereby enhancing the segmentation precision along the edges of laryngeal cancer images. 222 

 223 

Fig. 3 HAM-Unet architecture 224 

3.2.1 HA module 225 

In laryngeal cancer images, lesion regions exhibit complex and diverse morphological characteristics with significant varia-226 

tions, and there is a lack of explicit modeling capability for global contextual information and multi-scale features. To further 227 

enhance the feature extraction ability of the encoder, this paper designs a HA module, whose structure is illustrated in Fig. 4. This 228 

module can more comprehensively extract and utilize feature information, thereby improving the feature representation capability 229 

of the model. 230 



First, the input feature X is processed by a multi-head attention layer to capture global contextual information, generating a 231 

primary feature representation X₁. Through a permutation operation, the order of feature dimensions is adjusted, and a spatial 232 

attention mechanism is employed to compute a two-dimensional spatial weight matrix. After compression, this matrix is multiplied 233 

element-wise with the original features to achieve feature enhancement in spatial regions. Then, via a reverse permutation opera-234 

tion, the priority of the channel dimension is restored. A channel attention mechanism is adopted to generate a one-dimensional 235 

channel weight vector, which is applied to the feature map through a broadcasting mechanism for channel-wise weighting. Finally, 236 

the outputs of the dual branches are linearly fused to produce the optimized feature representation. The HA module achieves 237 

adaptive recalibration of feature maps in both spatial and channel domains through cascaded multi-stage dimension transformations 238 

and a learnable parametric weight generation mechanism. This approach effectively enhances the model's discriminative capability 239 

for key features while maintaining computational efficiency. 240 

 241 

Fig. 4 HA architecture 242 

3.2.2 MSFF module 243 

In semantic segmentation tasks, it is often necessary to accurately segment targets of varying sizes. Traditional convolutional 244 

neural networks typically rely on single-scale feature representations and extract features progressively by stacking multiple con-245 

volutional layers. However, due to the limited receptive field of each convolutional layer, these networks struggle to capture both 246 



local details and global contextual information simultaneously. To address this issue, this paper designs an MSFF module, whose 247 

architecture is illustrated in Fig. 5. 248 

 249 

Fig. 5 MSFF structure 250 

The MSFF module enhances the model's ability to comprehend and process multi-scale information in complex scenes by 251 

integrating feature maps at different scales. This capability is crucial for improving the segmentation accuracy of laryngeal cancer 252 

images, particularly when dealing with targets with irregular boundaries or complex shapes. Low-level features retain fine-grained 253 

spatial details such as textures and edges through local receptive fields, while high-level features, after multiple abstractions, de-254 

velop strong representational capacity for high-level semantics including object categories and structural relationships. Multi-scale 255 

feature fusion thereby preserves both the precise local structures and the overall morphology of targets. The MSFF module first 256 

employs a 1×1 convolution to reduce the channel dimensionality of the input feature map. Subsequently, three parallel 3×3 convo-257 

lutions with dilation rates of 1, 2, and 3 are applied to the reduced-dimension features, generating three sets of feature maps at 258 

different scales. These dilated convolutions enable the model to capture multi-scale spatial contextual information at the same 259 

hierarchical level. The outputs from the three convolutional branches are then concatenated and fused via a 1×1 convolution, which 260 

integrates the multi-scale features and enhances information utilization across different levels, thereby producing a more compre-261 

hensive feature representation. Finally, batch normalization and a ReLU activation function are applied to accelerate convergence, 262 

facilitate the learning of complex patterns, and mitigate the gradient vanishing problem. 263 



Assume the input feature map is in C H WX R   , where Cin is the number of input channels, H and W are the height and width 264 

respectively. The output feature map is fuseC H W
Y R

  . Use a 1x1 convolution to reduce the number of channels of the input feature 265 

map from Cin to Cred. Set the convolution weight as red in 1 1
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red

C
b R . The convolution operation is 266 

expressed as: 267 

red red *X W X b = +  268 

Apply three parallel 3x3 dilated convolutions with dilation rates of 1, 2, and 3 respectively to X’. The output channel number 269 

for each convolution is set to Cout. For each dilation rate d, the convolution weight is out red 3 3

d
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d

C
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. The convolution operation maintains the spatial dimensions. The output feature maps are: 271 

* , {1,2,3}d d d dY W X b d= +   272 

The output feature maps of the three branches are spliced along the channel dimension: 273 

 cat 1 2 3  , ,Y Y Y Y=  274 

Through a 1×1 convolution to fuse the concatenated features, with the number of output channels set to Cfuse. Let the convo-275 

lution weight be fuse out3 1 1

fuse
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276 

fuse cat fuse *Z W Y b= +  277 

Finally, apply the Batch Normalization and ReLU activation function. The batch statistics (mean μ and standard deviation 278 

σ) are calculated. The learnable parameters of BN are 
fuseC

R   and 
fuseC

R  . The operations are as follows: 279 
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where ⊙ denotes element-wise multiplication, and the output Y is the final feature map. 282 



4 Experiment 283 

4.1 dataset 284 

This study collected images of laryngeal lesions using the Olympus electronic laryngoscope system OTV-S190 at the First 285 

Affiliated Hospital of Chongqing Medical University. The dataset consists of 280 laryngeal cancer images, 500 polyp of the vocal 286 

cord images, 500 chorditis images, 420 vocal cord white spot images, and 600 normal images. The dataset was divided into training, 287 

testing, and validation sets in an 8: 1: 1 ratio. Annotations of lesions in the 280 laryngeal cancer images were performed using 288 

ImageJ (version 1.54f). During annotation, the lesion areas in each image were delineated using curved edges and assigned cate-289 

gorical labels. The annotated images were saved in TIFF format. Subsequently, the color images were converted to grayscale in 290 

ImageJ, where the annotated lesion regions were set to white and all other areas to black, resulting in binary images that retained 291 

only the target regions. These binary images were saved in JPG format. 292 

Laryngoscopic images often suffer from overexposure in central areas, underexposure in peripheral regions, and low contrast 293 

in vascular structures due to uneven illumination angles and mucosal reflections. To address these issues, we employ a CLAHE-294 

based preprocessing pipeline. First, the image is converted from BGR to HSV color space, and CLAHE enhancement is applied 295 

exclusively to the V channel. Multi-scale detail integration is then achieved through Gaussian pyramid fusion. Subsequently, the 296 

image is converted to Lab color space, where the L channel undergoes a hybrid enhancement combining CLAHE and global 297 

histogram equalization, while the a and b channels are preserved to retain color information. Finally, the enhanced results from the 298 

HSV and Lab processing paths are fused with a 60%/40% weighting ratio, and a 3×3 Laplacian kernel is applied to further sharpen 299 

fine details.  300 

4.2 Performance metrics 301 

In the field of medical image classification and segmentation, the issue of class imbalance within datasets makes it difficult for 302 

a single evaluation metric to comprehensively reflect model performance. Therefore, this paper employs six metrics—Specificity, 303 

Precision, Recall, F1-score, Intersection over Union (IOU), and Dice coefficient—to conduct a comprehensive evaluation of the 304 



proposed model's effectiveness. All metrics are computed based on a confusion matrix, which is defined using True Positives (TP), 305 

True Negatives (TN), False Positives (FP), and False Negatives (FN). 306 

The formula for calculating specificity is presented as follows: 307 

TN
Specificity

TN FP
=

+  308 

The formula for precision is given as follows: 309 

TP
precision

TP FP
=

+

 
310 

The formula for recall is expressed as follows: 311 

TP
recall

TP FN
=

+  312 

The formula for the F1 Score is depicted as follows: 313 

1

2 precision recall
F Score

precision recall

 
=

+  314 

The formula for Intersection over Union is presented as follows: 315 

FNFPTP

TP
IOU

++
=

 316 

The formula for Dice Coefficient is presented as follows: 317 

FNFPTP

TP
Dice

++
=

2

2

 318 

4.3 Implementation details

 

319 

The experiments were conducted on a Windows 11-based deep learning platform. The hardware configuration consisted of an 320 

Intel® Xeon® Platinum 8481C processor and an NVIDIA RTX 4090D GPU with 24 GB of memory. The software environment 321 

included Python 3.10 and the PyTorch 2.1.2 deep learning framework, with the CUDA 11.8 parallel computing architecture enabled 322 

to accelerate model training. All experiments were performed on this unified platform to ensure the comparability and reproduci-323 

bility of the results. 324 



All images were uniformly resized to 256×256 pixels. During model training, we employed the SGD optimizer with an initial 325 

learning rate of 0.001, a momentum factor of 0.9, and a weight decay of 0.0001. The batch size and number of epochs were set to 326 

20 and 200, respectively. 327 

5 Results 328 

5. 1 Classification experimental results 329 

To validate the accuracy of the proposed classification network, this paper conducts comparative experiments pitting LLLDNet 330 

against other lightweight classification networks, including MobileNetV3[28], MobileVit[29], ShuffleNetV2[30], Dense-331 

Net121[31], EfficientNet_b0[32], RegNet[33], and ResNet34[34]. It can be seen from Table 1 and Fig. 6 that Precision, Recall, 332 

Specificity and F1 Score reached 93.96 %, 92.40 %, 98.20 % and 92.98 %, respectively. Notably, LLLDNet not only improves 333 

these performance metrics but also significantly reduces the model size to merely 0.425 million parameters, with a computational 334 

complexity of 294 million FLOPS. This design achieves substantial model lightweighting, effectively conserves computational 335 

resources, and accelerates inference speed. The confusion matrices of different classification models are shown in Fig. 7, indicating 336 

that our proposed LLLDNet model achieves the best performance. 337 

Table 1 Comparison results of different models338 

Experiment Precision(%) Recall(%) Specificity(%) F1 Score(%) Params(M) Flops(M) 

MobileNetV3 87.96 87.04 96.64 87.34 5.40 220 

MobileVit 88.74 88.70 96.88 88.62 5.60 420 

ShuffleNetV2 89.60 88.82 97.08 89.14 2.30 150 

DenseNet121 90.62 90.02 97.58 90.28 20.00 2900 

EfficientNet_b0 90.70 89.36 96.26 89.78 5.30 390 

RegNet 85.02 85.00 95.86 84.76 20.60 400 



ResNet34 91.22 89.80 97.40 90.28 21.80 3700 

LLLDNet 93.96 92.40 98.20 92.98 0.425 294 

 339 

Fig. 6 Index radar chart of classification network 340 

 341 

Fig. 7 Confusion matrix of different deep learning models 342 



5.2 Segmentation experimental results 343 

To validate the effectiveness of the HAM-Unet module, a series of detailed ablation studies were conducted to meticulously 344 

analyze the contribution of each individual component to the overall performance. These components include the pre-trained Res-345 

Net50 weights, the MSFF module, the HA module, and the LKA module. The specific network configurations for different ablation 346 

experiments are detailed in Table 2. Given the limited number of laryngeal cancer images, data augmentation techniques including 347 

rotation and cropping were applied to prevent model underfitting, expanding the dataset from 280 to 1,045 samples. In the experi-348 

ments, UNet++ was first adopted as the baseline model and trained on the constructed laryngeal cancer dataset. The performance 349 

of each proposed module was evaluated using IOU, Precision, Recall, and Dice. Subsequently, different components were incre-350 

mentally integrated into the baseline model. The corresponding experimental results are summarized in Table 3. 351 

Table 2 Components of ablation experiment 352 

Experiment Specific module combination 

Module1 Baseline 

Module2 Baseline+resnet50 

Module3 Baseline+resnet50+MSFF 

Module4 Baseline+resnet50+MSFF+HA 

HAM-Unet Baseline+resnet50+MSFF+HA+LKA 

Each key module in the HAM-Unet contributes to improving model performance to varying degrees, with the proposed MSFF 353 

module demonstrating particularly significant gains. When replacing the VGG backbone in the baseline UNet++ with pretrained 354 

ResNet50 weights using transfer learning, the IOU increased by only 0.02%. However, integrating the MSFF module resulted in a 355 

substantial improvement of 3.37% in IOU, attributable to its ability to capture multi-scale details and contextual information. 356 



Furthermore, the incorporation of the HA module led to an increase of 3.46% in IOU and 2.65% in Precision over the baseline, as 357 

it enables more comprehensive feature extraction and utilization, thereby enhancing the model's representational capacity. The 358 

addition of the Large Kernel Attention (LKA) module yielded the highest scores across all metrics, achieving 90.86% IOU, 94.32% 359 

Precision, 96.52% Recall, and 94.30% Dice. 360 

Table 3 Ablation experimental results of different network architectures 361 

Experiment IOU(%) Precision(%) Recall(%) Dice(%) 

Baseline 85.24 91.62 92.39 91.62 

Module1 85.26 92.18 91.98 90.86 

Module2 88.59 93.92 93.71 92.53 

Module3 89.47 94.27 93.70 92.18 

Module3 90.86 94.32 96.52 94.30 

362 

 363 

Fig. 8 Ablation module for laryngeal cancer lesion segmentation results comparison 364 

A comparison of segmentation results from the ablation studies is illustrated in Fig. 8. For the same laryngeal cancer image, as 365 

the pre-trained ResNet50 weights, MSFF module, HA module, and Large Kernel Attention (LKA) mechanism are incrementally 366 



incorporated, the segmented lesion regions progressively converge toward the ground truth. When using transfer learning with the 367 

baseline UNet++ model, a significant discrepancy exists between the segmented lesion areas and the ground truth. To address this, 368 

the MSFF module is introduced to integrate multi-scale feature maps, enabling the model to better comprehend and process multi-369 

scale information in complex scenarios. Consequently, the overlap between the segmented lesion regions and the ground truth is 370 

progressively improved. Given the complex characteristics of laryngeal cancer images, which pose challenges for accurate bound-371 

ary segmentation, the proposed HA module and the incorporated Large Kernel Attention (LKA) mechanism effectively address 372 

this issue. These components enable the HAM-Unet network to comprehensively extract and utilize feature information, with 373 

enhanced focus on lesion regions, thereby improving the model's feature representation capability. As observed in the segmentation 374 

results of the HAM-Unet model in Fig. 8, the predicted lesion areas exhibit near-complete overlap with the ground truth annota-375 

tions. This demonstrates that the proposed key modules significantly enhance the accuracy of laryngeal cancer segmentation and 376 

play a crucial role in the task. 377 

 378 

Fig. 9 Comparison of heat maps before and after improvement 379 

To better understand the effectiveness of the proposed module, a visual analysis was conducted using Grad-CAM[35] to com-380 

pare the model's behavior before and after the improvement. The visualization results are presented in Fig. 9. It is evident that the 381 

enhanced model exhibits a significantly stronger focus on the laryngeal cancer lesion regions. This indicates that the improved 382 



model can more effectively suppress the influence of distracting features, thereby concentrating more precisely on identifying and 383 

analyzing the specific locations of lesions. Such an enhancement contributes to the model's capability for accurate lesion localiza-384 

tion within complex medical imaging scenarios. 385 

Fig. 10 presents a comparative analysis of the training curves for IOU, and Loss between the baseline and improved models. It 386 

can be observed that the enhanced HAM-Unet model achieves faster convergence speed and higher final values across all evalua-387 

tion metrics. 388 

 389 

(a)                                                  (b) 390 

Fig. 10 Comparison of indicators before and after improvement; (a) IOU, (b) Loss 391 

We compare the proposed HAM-Unet model against a range of mainstream segmentation models, including: Attention 392 

UNet[36], CE-Net[37], DeepLabv3[38], FCN[39], IS[40], UNet[41], and the baseline model UNet++, the comparison results of 393 

different segmentation models are shown in Table 4. As evidently demonstrated, the proposed HAM-Unet model exhibits signifi-394 

cant advantages. Compared to the original UNet++ baseline, HAM-Unet achieves improvements of 5.62% in IOU, 2.3% in Preci-395 

sion, 4.13% in Recall, and 2.68% in Dice, indicating its overall superior capability over UNet++. When compared to other com-396 

monly used segmentation models—namely Attention UNet, CE-Net, DeepLabv3, FCN, IS, and UNet. HAM-Unet also demon-397 

strates outstanding segmentation performance, with IOU increases of 22.41%, 24.09%, 25.14%, 20.76%, 19.53%, and 8.70%, 398 

respectively. These results confirm that HAM-Unet possesses stronger capability for laryngeal cancer segmentation. 399 

Table 4 Comparison of experimental results of different models 400 



Model IOU(%) Precision(%) Recall(%) Dice(%) 

AttentionUNet 68.45 77.84 78.92 66.80 

Cenet 66.77 77.96 75.53 64.70 

Deeplabv3 65.72 83.06 70.95 64.70 

Fcn 70.10 79.40 80.30 66.90 

IS 71.33 78.75 83.83 68.70 

UNet 82.15 90.37 90.05 89.35 

UNet++ 85.24 91.62 92.39 91.62 

HAM-Unet 90.86 93.92 96.52 94.30 

 401 

Fig. 11 Comparison of different segmentation model results 402 

Fig. 11 provides visual examples of segmentation results produced by different networks. It can be observed that the proposed 403 

HAM-Unet model delivers superior performance in segmenting laryngeal cancer lesion regions while maintaining a lower false 404 



positive rate. In comparison to other segmentation networks, HAM-Unet delineates lesion areas more accurately and completely, 405 

demonstrating its higher accuracy and reliability in the task of laryngeal cancer image segmentation. 406 

6 Conclusion 407 

As a common head and neck tumor, the clinical diagnosis of laryngeal cancer primarily relies on visual examination by physi-408 

cians, which often leads to misdiagnosis and missed detection. With the advancement of artificial intelligence, deep learning has 409 

gradually gained traction in the medical field, yet certain limitations remain. To address issues such as low classification accuracy, 410 

low computational efficiency, and incomplete segmentation of laryngeal cancer images, this paper constructs an intelligent diag-411 

nostic system for laryngeal lesions aimed at facilitating early diagnosis of laryngeal cancer. 412 

We design an LLLDNet for laryngeal lesion classification, which employs a joint enhancement strategy combining transfer 413 

learning and knowledge distillation to improve the accuracy of laryngeal disease classification. Furthermore, by incorporating the 414 

proposed HA and MSFF modules into UNet++, we propose a HAM-Unet network for laryngeal cancer segmentation. Experimental 415 

results on the laryngeal disease dataset demonstrate that LLLDNet achieves an accuracy of 93.0%, recall of 92.0%, specificity of 416 

98.20%, and an F1-score of 92.98%. Notably, LLLDNet not only enhances these performance metrics but also significantly reduces 417 

the model size to only 0.425 million parameters, which is substantially lower than other classification models. With a computational 418 

complexity of 294 million FLOPS, it also remains more lightweight than many existing models, thereby conserving computational 419 

resources and increasing inference speed. Meanwhile, the HAM-Unet network achieves an IOU of 90.86%, precision of 93.92%, 420 

recall of 96.52%, and a Dice score of 94.30%, significantly outperforming other segmentation models and enabling more precise 421 

delineation of laryngeal cancer lesion regions. 422 

In summary, the intelligent diagnostic method for laryngeal diseases proposed in this study provides a theoretical foundation 423 

for clinical medical applications. However, further in-depth validation is required before it can be formally deployed in clinical 424 

practice. A primary limitation is that the training and validation datasets were obtained from a single medical center, and the amount 425 



of laryngeal cancer data remains relatively limited. Future work will involve collecting larger datasets from multiple healthcare 426 

institutions to advance research on intelligent diagnosis of laryngeal diseases. 427 
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