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Abstract: Accurate segmentation of skin lesions from dermoscopic images is crucial for early skin cancer 

detection, yet variations in lesion appearance and image artifacts present challenges. This study proposes two 

deep learning models, UCM-NetV2 and BNN-UCM-NetV2, to improve accuracy and computational efficiency. 

UCM-NetV2 enhances the UCM-Net architecture with a novel "cyber-structure" combining Multilayer 

Perceptron and CNN layers, improving prediction accuracy without increasing the model's parameter count. 

BNN-UCM-NetV2 further optimizes for mobile deployment by binarizing activations and weights into 1-bit 

values, reducing computational complexity and model size. Evaluations on the ISIC2017 and ISIC2018 datasets 

demonstrate that UCM-NetV2 outperforms existing methods in both accuracy and computational efficiency, 

achieving this with less than 0.04 GFLOPs. These models have the potential to make skin lesion analysis 

accessible to a broader population, particularly in resource-limited settings, allowing for proactive skin health 

monitoring and facilitating teledermatology. To foster further innovation in mobile health diagnostics, the 

source code for UCM-NetV2 will be available on GitHub: https://github.com/chunyuyuan/UCMV2-Net.  

Keywords: medical image segmentation; lightweight model; mobile health; binary neural network 

 

1. Introduction 

Skin cancer is a significant health concern worldwide and is among the most diagnosed cancers 

[1,42–44]. It is primarily divided into two types: melanoma and non-melanoma. Although melanoma 

is less prevalent, representing only 1% of all skin cancer cases, it is responsible for most skin cancer-

related deaths due to its aggressive behavior. In the United States, melanoma caused approximately 

7,800 deaths in 2022, with new cases expected to rise to 98,000 in 2023 [2]. The likelihood of developing 

skin cancer in the US is significant, with one in five Americans predicted to be affected, emphasizing 

the critical need for effective diagnostic and treatment approaches [3]. The economic impact of skin 

cancer is substantial, with treatment costs in the United States alone surpassing $8.1 billion annually. 

These costs extend beyond direct medical expenses, encompassing lost productivity and the 

extensive care required for advanced stages of the disease. Early and accurate detection of skin 

cancer, particularly malignant melanoma, is essential for improving patient outcomes and mitigating 

these considerable financial burdens [4]. Dermatoscopy and dermoscopy are essential tools in the 

clinical evaluation of skin lesions, aiding dermatologists in detecting malignant characteristics [5]. 

However, the manual interpretation of these images can be labor-intensive and subject to human 

error, depending greatly on the clinician's skill and experience. Advances in machine learning have 

recently brought forth new techniques that enhance diagnostic accuracy and efficiency in clinical 

settings [6,7]. These technologies are especially beneficial in computationally constrained 

environments, such as mobile health applications, where they provide reliable diagnostic support 

with minimal computational requirements. Adopting these advanced technologies not only 

improves patient care by enabling earlier and more precise diagnosis but also can reduce healthcare 
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costs by preventing the progression of the disease to more severe and expensive stages. Skin cancer, 

particularly malignant melanoma, is known for its swift progression and high mortality rate, making 

early and accurate diagnosis crucial for enhancing patient outcomes. 

Manual interpretation of dermoscopic images can be labor-intensive, prone to errors, and highly 

dependent on the clinician's expertise. Furthermore, various medical samples present notable 

challenges. These include indistinct boundaries where lesions merge with the surrounding skin, 

variations in illumination that alter the appearance of lesions, artifacts such as hair and bubbles that 

obscure lesion borders, and differences in lesion size and shape. Additionally, variations in imaging 

conditions and resolutions, age-related skin texture changes, complex backgrounds that complicate 

segmentation, and differences in skin color due to racial and climatic factors also contribute to the 

difficulty of accurate interpretation. Figure 1 illustrates challenges in skin lesion segmentation using 

dermoscopic images: (A) artifacts from image acquisition, (B) occlusion in lesions due to hair, (C) 

minor variation in the lesion and skin color, and (D) low contrast between wound and skin. 

 

Figure 1. Complex skin lesion samples. 

 

Figure 2. Visualization of comparative experimental results on the ISIC2017 dataset. The X-axis 

represents DSC (higher is better), while Y-axis represents Glops (lower is better). 

In recent years, integrating computer-aided tools and artificial intelligence (AI) into clinical 

practice has significantly enhanced the precision and efficiency of skin cancer diagnosis [8,9]. A 

fundamental technique in this field is skin cancer segmentation, which accurately delineates the 

boundaries of skin lesions in medical images. This process is crucial for evaluating lesion 

characteristics, tracking their development, and informing treatment strategies. The rapid progress 

in AI technology, combined with the widespread use of smart devices like point-of-care ultrasound 

(POCUS) systems and smartphones [10–12], has made AI-driven methods for skin cancer detection 

increasingly popular. Patients now benefit from improved access to medical information, remote 

monitoring, and personalized care, leading to greater satisfaction with healthcare services. However, 

challenges persist, particularly in medical diagnostics. One significant hurdle is the precise and 

efficient segmentation of skin lesions, which is essential for accurate diagnosis but challenging to 
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achieve on devices with limited computational power. Most AI-driven medical applications depend 

on deep learning techniques, as detailed in [14], which generally demand substantial computational 

resources and extensive learning parameters, creating obstacles for integration into devices with 

constrained hardware capabilities [15]. 

In this study, we extend our previous method, UCM-Net [19], introducing UCM-NetV2, a new 

powerful, lightweight, and robust approach for skin lesion segmentation. UCM-NetV2 embeds a new 

hybrid module that combines Convolutional Neural Networks (CNN) and Multilayer Perceptions 

(MLP) to enhance feature learning. Utilizing new proposed group loss functions, our method 

surpasses existing lightweight techniques in skin lesion segmentation. Additionally, we explore 

applying XNOR-Net, a classical binary neural network (BNN), to UCM-NetV2 to reduce inference 

computation costs further. Key contributions of UCM-NetV2 include: 

• Hybrid Feature Learning: The UCM-NetV2 Block is a new proposed block that integrates CNN 

and MLP, enhancing the learning of complex and distinct lesion features. 

• Computational Efficiency: UCM-NetV2 contains an inference mode that reduces inference 

computation costs below 0.04 Glops with parameters similar to those of the previous UCM-Net.  

• Enhanced Loss Function:  A new dynamic loss function integrates output and internal stage 

losses, ensuring efficient learning during the model's training process. 

• Superior Results: UCM-NetV2 achieves competitive prediction performance on the ISIC 2017 

and 2018 datasets, compared to previous lightweight methods on metrics like Dice similarity, 

sensitivity, specificity, and accuracy. 

• BNN-UCM-NetV2 Network: We explore applying XNOR-Net to UCM-NetV2, reducing 

inference computation costs to below 0.02 GFLOPs without sacrificing the model's prediction 

performance. 

The remainder of the paper is organized as follows: Section 2 explores related works, such as 

TinyML for Healthcare and Supervised Methods of Segmentation. In Section 3, we present the 

proposed UCM-NetV2 and BNN-UCM-NetV2 networks. Section 4 presents the simulation results 

and analysis. Finally, Section 5 presents the conclusion and future studies. 

2. Related Works 

TinyML for Healthcare: Segmentation in biomedical imaging involves precisely delineating 

anatomical structures and pathological regions from medical images, which is crucial for accurate 

diagnostics. Recent advancements in artificial intelligence (AI) have significantly improved 

segmentation techniques, enhancing both accuracy and efficiency. An exciting development in this 

field is the incorporation of TinyML, particularly for lesion segmentation, offering promising research 

opportunities and practical applications. TinyML involves deploying machine learning models on 

low-power, compact hardware, revolutionizing healthcare by enabling advanced analytics directly 

at the point of care. This technology supports real-time, on-device processing, making complex 

medical image analysis feasible even in resource-limited or mobile healthcare settings. Applying 

TinyML to lesion segmentation can provide immediate diagnostic insights during patient exams or 

in remote areas, reducing dependency on extensive infrastructure typically needed for detailed 

analysis. Integrating TinyML into medical devices is expected to enhance diagnostic procedures, 

improve patient outcomes, and extend advanced medical technologies to underserved areas. 

Researchers are exploring advanced techniques such as hyper-structure optimization [20], Binary 

Neural Networks [21], neural architecture search [26], and Edge AI [16,17] to maximize the efficiency 

and feasibility of deploying TinyML in critical applications. 

Supervised Methods of Segmentation: The evolution of AI technology has profoundly 

transformed medical image segmentation [45]. Early advancements in this field primarily relied on 

convolutional neural networks (CNNs), such as the widely known U-Net and its attention-enhanced 

variant, Att-UNet [22]. These models significantly improved segmentation accuracy by effectively 

focusing on relevant image features. As segmentation techniques advanced, hybrid architectures 

began to emerge. A notable category includes transformer-based models, which integrate the 

capabilities of transformers into segmentation tasks such as TransUNet [23], TransFuse [24], and 
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Swin-UNet [25]. Another noteworthy development is the integration of multilayer perceptron (MLP) 

architectures. UNeXt [27] and MALUNet [28], along with its advanced version, EGE-UNet [29], 

utilize MLP-based designs to achieve superior segmentation results. More recently, Vision Mamba 

[18]'s ability to deliver high-performance image processing with fewer parameters and lower 

computational requirements has led to the popularity of Mamba-based hybrid architectures. 

Examples include VM-UNet [30] and its successor VM-UNetV2 [31], LightM-UNet [32], which 

emphasizes efficiency, and UltraLight VM-UNet [33], designed for ultra-low computational 

environments. These innovations represent a significant shift towards more efficient and powerful 

medical image segmentation techniques. By integrating advanced AI methodologies, these new 

models provide improved accuracy, reduced computational demands, and greater applicability in 

diverse medical settings. In this paper, we extend our previous work, UCM-Net, to propose a new 

hybrid work, UCM-NetV2, which maintains fewer parameters and lower computations with high 

prediction performance. Additionally, we explore applying BNN to UCM-NetV2 to develop an Ultra-

Fast version of a U-shaped Net. 

3. Proposed Skin Lesion Segmentation Models: UCM-NetV2 and BNN-UCM-NetV2 

This section introduces two innovative deep-learning models designed to address the critical 

challenge of high-precision skin lesion segmentation: UCM-NetV2 and BNN-UCM-NetV2. These 

models offer distinct advantages and are tailored for diverse computational environments, with a 

strong focus on real-world applicability in dermatology and healthcare. We will show that  

1. UCM-NetV2 is a hybrid-based architecture that combines Convolutional Neural Networks 

(CNN) and Multilayer Perceptions (MLP) to enhance feature learning. Utilizing new proposed 

group loss functions, our method surpasses existing lightweight techniques in skin lesion 

segmentation. UCM-NetV2 is optimized on top of the previous generation, UCM-NetV2, for 

hardware-limited computing platforms. By focusing on maximizing the model's prediction 

performance, we proposed a new loss function for UCM-NetV2. 

2. The BNN-UCM-NetV2 network extends the UCM-NetV2 model by incorporating binary neural 

networks (BNNs) for Binary Efficiency for tight resource-constrained devices: In BNNs, weights 

and activations are binarized into 1-bit values, drastically reducing the model size and 

computational demands. We especially proposed a new loss function for BNN-UCM-NetV2 to 

power the learning ability. We are the first to explore combining binary neural networks with 

U-shape networks for skin cancer segmentation.  

Finally, we show that both UCM-NetV2 and BNN-UCM-NetV2 networks represent a significant 

step forward in developing practical and impactful solutions for skin lesion segmentation. By 

combining advanced CNN techniques with the efficiency of binary operations, these models offer a 

comprehensive approach to skin health monitoring and disease prevention.  

3.1. UCM-NetV2 Network Structure 

Network Structure Design:  Figure 3 provides a detailed overview of the structural framework 

of UCM-NetV2, an advanced architecture with a distinctive U-shape design. This design builds upon 

the first generation of UCM-Net, incorporating both a down-sampling encoder and an up-sampling 

decoder to create a powerful network for skin lesion segmentation. The network is composed of six 

stages of encoder-decoder units, each with channel capacities of 8, 16, 24, 32, 48, and 64, respectively. 

Convolution Block: In the initial encoder-decoder stage, our design uses a standard convolution 

layer with a 3x3 filter, effectively capturing spatial relationships within the input features. This kernel 

size is particularly beneficial for maintaining spatial integrity in the network's initial layers. For stages 

2 through 6, we utilize a 1x1 convolution layer, significantly reducing the number of learnable 

parameters and the overall computational load, thus enhancing model efficiency. Each stage 

combines the 1x1 convolutional layer with UCM-Net blocks, contributing to advanced feature 

extraction and processing capabilities. 
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Figure 3. UCM-NetV2 Structure. 

 

UCM-NetV2 Block: The 2nd-6th stages primarily utilize the UCM-NetV2 block for feature 

learning. Figure 4 shows the differences between the UCM-Net and UCM-NetV2 blocks. Compared 

to its predecessor, the UCM-NetV2 block enhances feature learning by incorporating forward and 

backward paths with normalization, linear operations, concatenation, and additional convolutional 

layers. This block features twice the number of linear operations and an additional convolutional 

layer, reducing computational costs. With more residual operations, the UCM-NetV2 block enables 

more complex feature extraction and improved performance. The PyTorch-style pseudocode in 

Figure 5 outlines the sequence of operations for feature learning.  

 

Figure 4. UCM-Net Block vs UCM-NetV2 Block. 

Loss Function for the UCM-NetV2 Network: In our solution, we designed a new group loss 

function similar to those used in TransFuse [24], EGE-UNet [29], and our previous work, UCM-Net 

[19]. However, unlike these previous works, our proposed base loss function incorporates binary 

cross-entropy (BCE) (1), Dice Loss (2), and Squared Dice Loss (3) components. These components 

calculate the loss from the scaled layer masks at different stages than the ground truth masks. 

Equations (5) and (6) present the stage loss for different layers and the output loss in the output layer, 

respectively, using BCE and Dice loss components. Additionally, we introduce a dynamic coefficient 

for the output loss, equation (6), based on the training epoch, adding more weight to the loss during 

the earlier training stages. This approach ensures that the model focuses more on learning crucial 

features for the final output segmentation early in the training process. The advantages of using 

different loss functions are as follows: 

1. Binary Cross-Entropy Losses (BCE): Widely used in classification tasks, including biomedical 

image segmentation, these losses are highly effective for pixel-level segmentation. 
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2. Dice Loss: Commonly used in biomedical image segmentation, Dice loss addresses class 

imbalance by focusing on the overlap between predicted and true regions. 

3. Squared Dice Loss: Further enhances the Dice loss by emphasizing the contribution of well-

predicted regions, thereby improving stability and performance. 

𝐵𝐶𝐸 = −
1

𝑁
∑[𝑦𝑖 𝑙𝑜𝑔(𝑝𝑖) + (1 − 𝑦𝑖) 𝑙𝑜𝑔(1 − 𝑝𝑖)] (1)

𝑁

𝑖=1

 

where N is the total number of pixels (for image segmentation) or elements (for other tasks), yi is the 

ground truth value, and pi is the predicted probability for the i-th element. 

Dice Loss = 1 −
2 × ∑ (𝑝𝑖 ⋅ 𝑦𝑖)𝑁

𝑖=1 + smooth

∑ 𝑝𝑖
𝑁
𝑖=1 + ∑ 𝑦𝑖

𝑁
𝑖=1 + smooth

  (2) 

where smooth is a small constant added to improve numerical stability. 

Squared Dice Loss = 1 −
2 × (∑ (𝑝𝑖 ⋅ 𝑦𝑖)𝑁

𝑖=1 )2 + smooth

(∑ 𝑝𝑖
𝑁
𝑖=1 )2 + (∑ 𝑦𝑖

𝑁
𝑖=1 )2 + smooth

 (3) 

Which represents an enhancement over the standard Dice loss by emphasizing the squared 

terms of intersections and union. 
Base_loss = BCE + Dice Loss + Squared Dice Loss (4) 

Equations (1), (2), and (3) define the base loss function (4) for our proposed model, incorporating the 

Dice loss and Squared Dice loss components. To fully understand how different combinations of loss 

functions affect the trained model's performance, we add an ablation experiment in the next section. 

𝐿𝑜𝑠𝑠𝑆𝑡𝑎𝑔𝑒 = Base_loss(𝑆𝑡𝑎𝑔𝑒𝑃𝑟𝑒𝑑, 𝑇𝑎𝑟𝑔𝑒𝑡) (5) 

LossOutput = (2 − sin (
𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑒𝑝𝑜𝑐ℎ

𝑡𝑜𝑡𝑎𝑙𝑒𝑝𝑜𝑐ℎ

∗
𝑃𝑖

2
))

∗ Base_loss(OutputPred,Target) (6) 

𝐺𝑟𝑜𝑢𝑝_𝐿𝑜𝑠𝑠 = 𝐿𝑜𝑠𝑠𝑂𝑢𝑡𝑝𝑢𝑡 + ∑ λ𝑖

5

𝑖=1

× 𝐿𝑜𝑠𝑠𝑆𝑡𝑎𝑔𝑒𝑖
 (7) 

where 𝜆𝑖 is the weight for different stages. In this paper, we set 𝜆𝑖  to 0.1, 0.2, 0.3, 0.4, and 0.5 based on the 

i-th stage, as illustrated in Figure 4. Equation (7) is our proposed group loss function that calculates the 

loss from the scaled layer masks in different stages compared to the ground truth masks. Equations (5) 

and (6) present the stage loss in different layers and the output loss in the output layer. 

 

Figure 5. UCM-NetV2 Block Pseudocode. 
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Figure 6. BNN-UCM-NetV2 network. 

3.2. BNN-UCM-NetV2 Network Structure 

Deep learning (DL) has revolutionized the development of intelligent systems with numerous 

real-world applications. However, deploying DL on resource-constrained devices with limited 

computational power and energy remains challenging. Binary Neural Networks (BNNs) offer a 

promising solution in this context. BNNs are a type of neural network where activations and weights 

are binarized to 1-bit values in all hidden layers, providing a highly compact version of a 

Convolutional Neural Network (CNN) [21]. BNNs' ability to compress 32-bit activations and weights 

to 1-bit values significantly reduces storage, computation costs, and energy consumption, making 

them ideal for deployment on tiny, resource-limited devices. Key advantages of BNNs are 

• Compression: BNNs compress 32-bit floating-point values into 1-bit representations, leading to 

significant reductions in model size. 

• Computational Efficiency: Binary operations (e.g., XNOR) replace computationally expensive 

floating-point operations, resulting in faster inference. 

• Energy Savings: Lower computational demands translate to reduced energy consumption, vital 

for battery-powered devices. 

To the best of our knowledge, no relevant research work has applied BNNs to skin lesion 

segmentation. We are the first to explore this topic, which we believe will be a potential direction to 

reduce computation costs for the segmentation model in the future. Our study focuses on the practical 

and efficient application of XNOR-Net to UCM-NetV2 to develop BNN-UCM-NetV2. This approach 

significantly reduces inference computation costs to under 0.02 GFLOPs while maintaining the 

model's prediction performance. BNNs achieve this by compressing 32-bit float weights and layer 

inputs into 1-bit numbers. Within each neural network layer's matrices, weights and inputs are 

represented using [-1, +1] based on the sign of the original value. This allows the substitution of 

original matrix multiplication with the XNOR operation, a highly efficient approach that drastically 

reduces computational overhead. XNOR-Net, a classic type of BNN, represents a significant 

milestone in efficient deep learning. Figure 7 illustrates the BNN-UCM-NetV2 Block, a high-

performing block that leverages the efficiency of binary operations to minimize computational 

complexity and memory usage. The BNN-UCM-NetV2 Block is a specific component of the BNN-

UCM-NetV2 Network, and its efficient design is crucial for the network's overall performance. Full-

precision operations are replaced with their binary counterparts, labeled as BNNLinear and 

BNNConv2D in the figure. Using binary weights and activations significantly reduces the memory 

and computational resources required. BNN layers employ the XNOR-Net approach, performing 

convolution operations with binary weights to enhance computational efficiency. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 10 July 2024                   doi:10.20944/preprints202407.0866.v1

https://doi.org/10.20944/preprints202407.0866.v1


 8 

 

 

Figure 7. BNN-UCM-NetV2 Block Pseudocode. 

Loss Function for BNN-UCM-NetV2: The loss function in BNNs is a crucial component that 

balances the efficiency gains of binary operations with the need for effective learning. While BNNs 

offer significant advantages in computational and energy efficiency, they come with challenges 

related to gradient approximation and potential performance trade-offs. Careful design and tuning 

of the loss function are essential to unlock the full potential of BNNs for various applications. In 

traditional neural networks, loss functions like Binary Cross-Entropy Loss or Dice Loss for 

segmentation are commonplace. However, Binary Neural Networks (BNNs) require a more 

specialized approach to accommodate their binarized values and ensure smooth gradient flow 

during backpropagation. For the loss function for BNNs, we adapt UCM-NetV2's loss functions with 

additional terms or modifications to handle the difference between the binarization output and full-

precision matrix output. A proposed approach incorporates the following components: 

1. Primary Loss Function: This component focuses on the main task, calculating the difference 

between the ground truth and the model's prediction. We selected our proposed loss function (7). 

2. Regularization Term: A regularization term, Manhattan norm (L1-norm), is added to each 

binary layer to learn the difference between the loss function's binarization matrix and the full-

precision matrix. We record the difference between binary matrix output and full-precision 

matrix output in each layer. We calculate the L1-Norm value on those records and add the L1-

Norm value to our loss function. 

3. Gradient Approximation: Binarization from the sign function introduces discontinuities in the 

loss landscape, challenging direct gradient calculation. The reason is that the derivative value 

from the sign is always zero, which prevents the model from learning about loss during the 

training. A common method is gradually using approximation techniques like the straight-

through estimator (STE).  

The BNN-UCM-NetV2's loss function is: 

𝐵𝑁𝑁𝐺𝑟𝑜𝑢𝑝_𝐿𝑜𝑠𝑠 = 𝐿𝑜𝑠𝑠𝑂𝑢𝑡𝑝𝑢𝑡 + ∑ λ𝑖

5

𝑖=1

× 𝐿𝑜𝑠𝑠𝑆𝑡𝑎𝑔𝑒𝑖
+ 𝐿1_Norm(8) 

where L1_Norm represents the Manhattan norm of the recorded difference binary matrix output with 

full-precision matrix output in each layer. 

The loss function in BNNs is designed to balance the efficiency of binary operations with the 

need for effective learning. While BNNs offer significant advantages in terms of computational and 
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energy efficiency, they come with challenges related to gradient approximation and performance 

trade-offs. 

 

Figure 8. BNNs STE process (cited from [21]). 

In conclusion, UCM-NetV2 and BNN-UCM-NetV2 represent a significant step forward in skin 

lesion segmentation. UCM-NetV2 delivers high-precision results on standard platforms, while BNN-

UCM-NetV2 extends deep learning capabilities to resource-constrained environments. These models 

have the potential to revolutionize how dermatologists diagnose and monitor skin conditions, making 

accurate and efficient segmentation accessible to a broader range of practitioners and patients. 

4. Results and Discussions 

In this section, we describe different performance metrics and discuss their usage. We then 

provide details on the two test sets, ISIC2017 and ISIC2018, used for evaluation. Finally, we present 

the quantitative results of comparing our approach with state-of-the-art models on these test sets. 

4.1. Experiment Setting and Preparation 

Datasets: To evaluate the efficiency and performance of our proposed model against other 

published models, we utilized two public skin segmentation datasets from the International Skin 

Imaging Collaboration: ISIC2017 [34,35] and ISIC2018 [36,37]. The ISIC2017 dataset comprises 2000 

dermoscopy images randomly divided into 1250 images for training, 150 for validation, and 600 for 

testing. The ISIC2018 dataset includes 2594 images, randomly divided into 1815 images for training, 

259 for validation, and 520 for testing. 

Evaluation Setting: Our UCM-NetV2 is implemented with the PyTorch [38] framework. All 

experiments are conducted on the instance node at Lambda [39] that has a single NVIDIA RTX A6000 

GPU (24 GB), 14vCPUs, 46 GiB RAM, and 512 GiB SSD. The images are normalized and resized to 

256×256. Simple data augmentations are applied, including horizontal flipping, vertical flipping, and 

random rotation. We select AdamW [40] for the optimizer, initialized with a learning rate of 0.001 

and a weight decay of 0.01. The CosineAnnealingLR [41] is utilized as the scheduler with a maximum 

number of iterations of 50 and a minimum learning rate of 1e-5. Two hundred epochs are trained 

with a training batch size of 8 and a testing batch size of 1. 

Evaluation Metrics: The model's performance is evaluated using the Dice Similarity Coefficient 

(DSC), sensitivity (SE), specificity (SP), and accuracy (ACC). Furthermore, the model's memory 

consumption is assessed based on the number of parameters and Gigaflops (GFLOPs). DSC measures 

the degree of similarity between the ground truth and the predicted segmentation map. SE measures 

the percentage of true positives with the sum of true positives and false negatives. SP measures the 

percentage of true negatives with the sum of true negatives and false positives. ACC measures the 

overall percentage of correct classifications. The formulas used are as follows:  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 10 July 2024                   doi:10.20944/preprints202407.0866.v1

https://doi.org/10.20944/preprints202407.0866.v1


 10 

 

DSC =
2 × 𝑇𝑃

2 × 𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
  (9) 

ACC =
𝑇𝑃 +  𝑇𝑁

𝑇𝑃 +  𝑇𝑁 +  𝐹𝑃 +  𝐹𝑁
  (10) 

SE =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
  (11) 

SP =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
  (12) 

Where TP denotes true positive, TN denotes true negative, FP denotes false positive, and FN denotes 

false negative. 

4.2. Experimental Results Analysis 

We compared our new model with published classical and efficient methods such as U-Net [48], 

SCR-Net [49], ATTENTION SWIN U-NET [47], C2SDG [50], VM-UNet [30], VM-UNet v2 [31], MALUNet 

[28], UNeXt-S [27], LightM-UNet [32], EGE-UNet [29] and UltraLight VM-Net [33]. Tables 1–3 

comprehensively evaluate the performance of our UCM-NetV2, a novel and lightweight skin lesion 

segmentation model, against well-established models using the ISIC2017 and ISIC2018 datasets. UCM-

NetV2 consistently outperforms the compared models across metrics such as DSC, SE, SP, and ACC, 

achieving the highest DSC of 0.9154 and SE of 0.9085 on ISIC2017, and DSC of 0.9075 and ACC of 0.9611 

on ISIC2018. Table 3 highlights UCM-NetV2's computational efficiency, operating with significantly 

lower GFLOPs than other models, achieving this efficiency without compromising performance. We also 

explore applying BNN to our UCM-NetV2, which can further be speeded up without sacrificing the 

prediction performance. The key takeaway is that UCM-NetV2 establishes a new state-of-the-art for skin 

lesion segmentation, combining superior prediction performance with computational efficiency, thus 

redefining the standard for accurate and efficient skin lesion delineation in biomedical imaging. 

Table 1. Comparative prediction results on the ISIC2017 dataset. 
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Table 2. Comparative prediction results on the ISIC2018. 

 

Table 3. Comparative performance results on models' computations and the number of parameters. 
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4.3. Ablation Experiments with Different Loss Functions 

To prove the effects of our proposed loss function, we conducted an ablation experiment using 

different base loss functions to train our model, UCM-NetV2. Table 4 presents the experimental 

results on the ISIC 2017 dataset, providing a comparative analysis of the performance metrics for each 

loss function. The base loss functions evaluated include Binary Cross-Entropy (BCE) Loss (A), Dice 

Loss (B), and Square Dice Loss (C). Additionally, combinations of these loss functions were tested: A 

+ B, A + C, B + C, A + B + C, and a dynamic epoch-coefficient version of A + B + C. The performance 

metrics considered were the Dice Similarity Coefficient (DSC), Sensitivity (SE), Specificity (SP), and 

Accuracy (ACC). From the results, it is evident that the use of a dynamic combination of all three loss 

functions (A + B + C (Dynamic)) yields the highest DSC (0.9154) and SE (0.9084), indicating superior 

segmentation performance in terms of both overlap and true positive rate. The combination of A + B 

also shows a strong performance with a DSC of 0.9144 and an SE of 0.9022. While Dice Loss (B) and 

Square Dice Loss (C) individually achieve lower DSC values than their combinations, they still 

perform competitively. These findings highlight the importance of carefully selecting and combining 

loss functions to optimize the performance of segmentation models. The dynamic combination 

approach particularly stands out, suggesting that it effectively balances the strengths of each base 

loss function to achieve enhanced overall performance. 

Table 4. Comparative performance results with different base loss functions on ISIC 2017. 

 
Figure 9 presents the segmentation results on nine sample inputs. Each row in the figure 

corresponds to a different sample input, where the columns display the original image, the ground 

truth, and the segmentation results from various models, including UNeXt-S, UltraLight VM-Net, 

UCM-Net, and UCM-NetV2. The segmentation masks are shown in grayscale for clear visibility, 

making it easy to compare the performance of each model against the ground truth. UCM-NetV2 

captures the boundaries of the target regions with high precision, closely matching the ground truth 

annotations. This model demonstrates robustness across all samples, with minimal noise or artifacts, 

unlike other models that occasionally introduce errors, as seen with UltraLight VM-Net in samples 1 

and 8. The clear and accurate segmentation provided by UCM-NetV2 highlights its effectiveness in 

medical image analysis tasks, where precision is critical. The model's ability to consistently produce 

high-quality segmentation masks makes it a reliable choice for practical applications. This visual 

comparison underscores UCM-NetV2's competitive performance compared to other published 

lightweight segmentation models, making it a standout among the tested models and suggesting its 

potential for further development and deployment in medical imaging workflows.  
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Figure 9. Samples Segmentation Comparison. 
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5. Conclusions 

Lesion area segmentation is the first step to creating an artificial intelligence system to 

quantitatively compare lesion images captured at different moments. This paper introduces UCM-

NetV2 and BNN-UCM-NetV2, which will be poised to make significant contributions to the field of 

dermatology by enabling high-precision skin lesion segmentation with lower computation costs. 

UCM-NetV2, the second generation of UCM-Net, boasts robust feature learning capabilities while 

maintaining a minimal parameter count and reduced computational demand. We applied this 

innovative approach to the challenging task of skin lesion segmentation, conducting comprehensive 

experiments using a range of evaluation metrics to demonstrate its effectiveness and efficiency. The 

results unequivocally show UCM-NetV2's superior performance compared to recent lightweight and 

Mamba-based models for skin lesion segmentation. Notably, UCM-NetV2 is the first model to 

consume less than 0.04 GFLOPs for this task. Additionally, we explore BNN-based segmentation on 

skin lesion area segmentation, which points to a new research topic for lightweight models. 

Our future work will focus on expanding the applicability of UCM-NetV2 to a broader range of 

medical imaging tasks, particularly multi-class segmentation. We aim to maintain the model's 

efficiency while ensuring its performance remains competitive with state-of-the-art solutions. 

Additionally, we will investigate ways to enhance the prediction performance of the binary neural 

network (BNN) version in the next generation of UCM-Net. Also, we plan to create new image 

databases from various camera viewpoints under chosen lighting conditions since existing skin 

cancer-related datasets have significant limitations, such as a small number of image samples, limited 

disease conditions, insufficient annotations, and non-standardized image acquisitions. Furthermore, 

we encourage further research into translating suitable skin lesion analysis methodologies, including 

UCM-NetV2, into real-time clinical applications. This translation is essential for bridging the gap 

between research advancements and practical clinical use, ultimately improving patient care and 

diagnostic accuracy. the experimental results, their interpretation, as well as the experimental 

conclusions that can be drawn.  
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