
Reptile Optimization Based Framework for Precise Lesion Segmentation in Skin Images  

                                                                                                                         Nazar A. Awad &  Salah Badidi 

 
 

14 
 
Vol 2 : Issue 2 : May 2025 

Reptile Optimization-Based Framework for Precise 

Lesion Segmentation in Skin Images 

Nazar A. Awad 

(Dept. of Computer Science & Software Engineering), United Arab Emirates University (UAEU) — College 

of Information Technology. 

United Arab Emirates University, Abu Dhabi, UAE. 

& 

Salah Badidi 

Associate Professor,  

Department of Computer Science & Engineering,  

American University of Sharjah (AUS) 

Sharjah, UAE 

 

AB ST RACT  

Precise lesion segmentation in skin images is critical for the early detection and diagnosis of skin 

cancers, particularly melanoma. Existing lesion segmentation methods often struggle with the 

variability in lesion shapes, sizes, and the low contrast between lesions and their surrounding skin. 

Furthermore, they typically require large annotated datasets and perform poorly when applied to 

unseen lesion types or domains. To address these challenges, we propose the Reptile Optimized 

Lesion Segmentation Network (ROLSe-Net), which integrates the Reptile meta-learning 

algorithm with a U-Net backbone. This framework optimizes model initialization across multiple 

lesion segmentation tasks, enabling rapid fine-tuning on new data with minimal supervision. 

Additionally, the framework incorporates data augmentation and post-processing steps to enhance 

boundary precision. ROLSe-Net is applied to automate the segmentation of melanoma lesions in 

dermoscopic images, aiming to support dermatologists in making informed clinical decisions. 

Experimental results on benchmark datasets demonstrate that ROLSe-Net achieves superior 

performance compared to traditional segmentation methods, especially in low-data and cross-

domain scenarios. The proposed method significantly improves segmentation accuracy, boundary 

delineation, and adaptability to new lesion types, showcasing its robustness and practical relevance. 

 

Keywords: Lesion Segmentation, Reptile Optimization, Meta-Learning, Skin Cancer Detection, U-

Net Architecture, Dermoscopic Images. 

 

1. Introduction 
 

Neglecting the recognition and diagnosis of skin cancers poses a threat to one's health 

across the globe, which may become lethal if left unchecked, with melanoma being one of the 

most common types. In the last few years, dermatoscopy has been increasingly used for 

diagnosis [1]. To improve early detection, and in an effort to reduce classification interpretation, 

automated, precise, and consistent segmentation of lesions is critical in computer-assisted 

diagnosis systems, as visual analysis is inherently influenced [2]. Monitoring of lesions with an 

automated approach and feature extraction, classification, and progression monitoring all rely 

on the accurate delineation of the lesion, which creates a problem when using cluster analysis, 
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region growing, and thresholding due to the wide-ranging complexity of skin lesions and skin 

tones[3]. With advances in deep learning, convolutional neural networks (CNN) are capable of 

easing the process of distinguishing lesions with tools such as U-Net. Although most of these 

models perform satisfactorily, they struggle with exposure to lesions located in novel or distant 

regions [4].  To address these challenges, ROLSe-Net, a new deep learning framework aimed 

at effectively segmenting reptile lesions. 

 

ROLSe-Net employs a U-Net architecture in combination with Reptile meta-learning 

optimization strategy in order to improve model flexibility and performance in a broader scope 

of lesion segmentation tasks [5]. Reptile is classified as a first-order meta-learning technique 

and assists in adapting to new tasks with less data by providing an efficient method of setting 

model parameters [6]. Even if the training data is limited, sparse, or heterogeneous, the network 

is likely to generalize much more effectively. ROLSe-Net is designed primarily to aid users to 

quickly become proficient with different lesion types and imaging contexts [7]. Each model 

iteration is simulated as distinct real-world scenarios involving lesion segmentation guidance. 

Reptile improves performance by averaging multiple training runs which refine model 

parameters, thereby enhancing the model’s initialization [8].   

Morphological lesion boundary refinement is employed alongside other Urgenc 

methodological post-processing techniques to delineate margins of lesions more precisely [9]. 

This focuses on sophisticated forms of dermoscopic photograph augmentation to enhance 

realism beyond standard practices. Comparisons are made utilizing the method against other 

common segmentation methods using existing open-source skin lesion datasets. ROLSe-Net 

surpasses other approaches in segmentation using CNNs, especially in scenarios with scarce 

data or data from multiple domains [10]. The model has improved accuracy in delineating 

boundaries and is less prone to altering the perceived appearance of lesions.   

The proposed paradigm constitutes a new solution to one of the longstanding problems 

in skin image analysis: achieving precise and generalizable segmentation with minimal labeled 

data. ROLSe-Net proves to be a robust and efficient tool for increasing the trustworthiness and 

precision of automated systems for skin lesion analysis. 

The main objectives of this paper are: 

 A new way to combine Reptile meta-learning with U-Net to make skin imaging lesion 

segmentation models that are more adaptable and can work with different sorts of data. 

 Making ROLSe-Net, a lightweight and efficient framework for segmentation that can 

quickly adapt to new situations with less data and in many domains. 

 When evaluated on normal dermoscopic datasets, the recommended model outperforms 

existing deep learning segmentation techniques. 

A summary of the paper is provided below. In Section 2, the current literature and study 

techniques are thoroughly examined. The research strategy, methodology and processing 

procedures are detailed in Section 3. The results analysis is covered in Section 4. Part 5 explores 

the main conclusion and Future work. 

2. Literature review 
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Group Normalization with Attention U-Net (GNAU-Net) is a U-Net-based system that 

employs Group Normalization in the encoder-decoder layers, Attention Gates in the skip 

connections, and Tversky Loss as the loss function. The bottleneck utilizes atrous convolutions   
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to spread out features [11]. GNAU-Net is more effective at splitting the ISIC 2018 

dataset than other approaches because it examines small lesion details and finds the optimal 

balance between accuracy and recall.  

Automatic segmentation helps locate skin cancer. This paper presents Efficient-GAN 

(EGAN), a system that utilizes adversarial learning to generate lesion masks using a squeeze-

excitation generator and a discriminator. A morphology-based smoothing loss makes sure that 

the edges of the lesions are smooth [12]. EGAN achieves 90.0% Carr, 83.6% Jaccard, and 

94.5% accuracy on the ISIC dataset. Mobile-GAN (MGAN) is another lightweight version that 

behaves similarly but has fewer settings. This implies that machines with low resources can 

make predictions quickly.  

The Atrous Convolutional Neural Network for Segmentation (ACNN-Seg) is what it 

suggests. This CNN model utilizes atrous convolutions to segment lesions into smaller, 

independent components. The architecture features convolutional layers, batch normalization, 

and leaky ReLU, and Line 1 has "tuned" the hyperparameters. The Jaccard indices for ACNN-

Seg on the ISIC 2016–2018 datasets were 90.4%, 81.8%, and 89.1%, in that order [13]. It can 

swiftly and reliably segment photos for use in clinical settings by looking at complete 

photographs in one pass without any pre-processing.  

It's challenging to identify the type of skin lesions they are, as they appear unusual and 

don't stand out. It proposes the FPN-DenseNet121 and U-Net-MobileNet Hybrid Network 

(FDUM-Net), which combines FPN with DenseNet121 and U-Net with MobileNet to acquire 

high-level functionality [14]. It tested eight different types of CNNs on the ISIC 2016 dataset, 

each with its optimizer. FDUM-Net achieved the best Dice score (0.93), accuracy (0.96), and 

IoU (0.87), outperforming all other models and demonstrating its effectiveness in supervised 

segmentation tasks.  

The Deep Dermoscopy Segmentation Survey (DeepDerm-SegSurvey) is a 

comprehensive review of 177 studies that utilized deep learning to distinguish skin lesions. 

Multiple times. It also discusses pre-processing, various types of architectures, and the loss 

function. The primary point of the paper is that it is essential to understand the distinctions 

between the two. Humbly [15]. DeepDerm-SegSurvey reveals trends, limitations, and future 

research objectives by comparing various methods and performance indicators. This survey is 

useful for academics who work on medical image segmentation, as it provides a comprehensive 

table and an online application that enables interaction with it. 

It's harder to separate skin lesions into distinct parts when there's hair, symptoms, and 

indistinct edges. It suggests using the Ensemble Thresholding Method for Segmentation (ETM-

Seg). This approach is based on an ensemble and utilizes an objective function to determine the 

optimal thresholding strategies [16]. It combines Otsu, Kapur, Harris Hawk, and grey-level 

approaches to address the issues that arise with single-threshold methods. The Dice score for 

ETM-Seg on the ISIC 2016 dataset is 0.89, which is much better than Otsu (0.79) and Kapur 

(0.80). Strong segmentation helps find diseases early on. 

O-Net is a recurrent attentional convolutional network with an O-shape architecture 

that clusters skin lesions together [17]. By blending attention class feature maps, O-Net adopts 

a coarse-to-fine iterative refining approach. It utilizes early predictions of segmentation to 

identify attention class traits that aid in refinement. The ISIC-2017 and PH2 datasets were used 

to test O-Net. It got Dice scores of 87.04% and 92.12%, and Jaccard indices of 80.36% and 

86.15%, respectively. O-Net is more effective at extracting minimal information from tissue 

than other approaches.  
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A lesson with a teacher and a student to identify and classify skin lesions 

collaboratively is called a Deep Convolutional Neural Network (DCNN). It enhances both 

processes by self-booting with phony self-training labels derived through classification and 

class activation maps. CL-DCNN has the ability to structure output for segmentation tasks and 

vice versa [18]. With regards to segmentation, the Jaccard score of 79.1% and AUC score of 

93.7% in classification was obtained. From accuracy perspective, no other algorithm 

outperform this in synergy. It is superior to all other algorithms on accuracy, synergy, and 

achieving multiple tasks simultaneously.  

 

Deep Edge Convolutional Neural Network (DE-Net) is an end-to-end encoder-decoder 

neural network that specializes in precise delineation of lesion contours. The Edge Information 

Guided Module (EIGM) decoder and the Entirety-Center-Edge (ECE) loss function refine 

geometric accuracy of lesion edges [19]. Boundary-focused approaches enhance edge fidelity 

and overall shape completion. On ISIC-2017, DE-Net achieved 87.92% Dice and 80.53% 

Jaccard. It surpassed the best segmentation algorithms on ISIC-2016 and PH2 datasets in edge 

accuracy and precision around edges of lesions.  

DUAL-SEViT, a faster and more accurate lesion segmentation dual encoder model 

using ResNet-50 and Vision Transformer (ViT) combined with Squeeze-and-Excitation (SE) 

attention blocks.While ResNets focus on identifying cues at a finer resolution, ViTs focus on 

broader segments [20]. A CNN decoder then performs the decoding of the fusion. DUAL-

SEViT achieved 89.53%, 87.02%, and 84.56% on ISIC 2016–2018. It outperformed prior 

methods because it was able to gather both local and global contextual information effectively. 

3. Proposed methodology 

 

a. Overview of ROLSe-Net 

ROLSe-Net is a novel technique for categorizing lesions into groups. It utilizes deep 

convolutional segmentation and meta-learning in combination. The Reptile meta-learning 

strategy enables the architecture to work more effectively with a variety of lesions and imaging 

conditions. It utilizes a modified U-Net that has been fine-tuned through meta-training sessions 

to establish segmentation parameters suitable for various circumstances. The model can quickly 

adapt to various tasks related to lesion segmentation with minimal or no fine-tuning. ROLSe-

Net can accurately and reliably segregate a wide variety of dermoscopy image datasets, even 

when the domain is diverse, there is limited data, or the lesions are difficult to describe.  



PatternIQ Mining 

https://piqm.saharadigitals.com/     

19 

 

Figure 1: Mind of ROLSe-Net – Overall Framework Architecture 

The whole ROLSe-Net pipeline, from input to output, is shown in Figure 1. It adds data 

to dermoscopy skin photos to make them appear more realistic, reflecting how things change 

in real life. The model is updated with a Reptile meta-learning loop, allowing it to utilize the 

new data for additional purposes. It accomplishes the fundamental segmentation using a U-Net 

architecture, which Reptile's few-shot learning has improved. To produce accurate lesion 

masks, morphological filtering and other post-processing techniques enhance the data. You can 

see ROLSe-Net in operation here. Its adaptable and efficient design includes powerful feature 

extraction, clinical-grade segmentation, and rapid adaptation. 

b. Reptile Meta-Learning Algorithm 

Reptile is a first-order meta-learning method that enables rapid changes without relying 

on second-order gradients. During training, the model is shown a sequence of gradient descent 

steps across multiple tasks, or episodes. It takes the average of the changes in parameters that 

occur when updating a large number of functions and utilizes that knowledge to improve the 

original model. This is why the network can swiftly learn how to start and adapt to activities it 

has never done before. Reptile ensures that the ROLSe-Net segmentation model is effective on 

a wide range of skin lesions. This demonstrates that the network can learn quickly with just a 

few tagged data points.  

Algorithm 1: ROLSe-Net Meta-Learning-Based Lesion Segmentation 

𝐼𝑛𝑝𝑢𝑡:  
    − 𝐷𝑎𝑡𝑎𝑠𝑒𝑡 𝐷 =  {𝑇₁, 𝑇₂, . . . , 𝑇ₙ} (𝑓𝑒𝑤 − 𝑠ℎ𝑜𝑡 𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛 𝑡𝑎𝑠𝑘𝑠) 
    − 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑚𝑒𝑡𝑎 − 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠 𝑀 
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    − 𝐼𝑛𝑛𝑒𝑟 𝑙𝑜𝑜𝑝 𝑠𝑡𝑒𝑝𝑠 𝑘 
    − 𝐿𝑒𝑎𝑟𝑛𝑖𝑛𝑔 𝑟𝑎𝑡𝑒𝑠: 𝛼 (𝑚𝑒𝑡𝑎), 𝛽 (𝑖𝑛𝑛𝑒𝑟) 
    − 𝐼𝑛𝑖𝑡𝑖𝑎𝑙 𝑚𝑜𝑑𝑒𝑙 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 𝜃 

 
𝑂𝑢𝑡𝑝𝑢𝑡: 
    − 𝑂𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑑 𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛 𝑚𝑜𝑑𝑒𝑙 𝜃 ∗ 
 

1: 𝐼𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑒 𝑚𝑜𝑑𝑒𝑙 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 𝜃 𝑟𝑎𝑛𝑑𝑜𝑚𝑙𝑦 
2: 𝑓𝑜𝑟 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 =  1 𝑡𝑜 𝑀 𝑑𝑜 
3:     𝑆𝑎𝑚𝑝𝑙𝑒 𝑎 𝑏𝑎𝑡𝑐ℎ 𝑜𝑓 𝑡𝑎𝑠𝑘𝑠 {𝑇₁, 𝑇₂, . . . , 𝑇_𝑏} 𝑓𝑟𝑜𝑚 𝐷 
4:     𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑡𝑎𝑠𝑘 𝑇_𝑖 𝑖𝑛 𝑏𝑎𝑡𝑐ℎ 𝑑𝑜 
5:         𝐶𝑙𝑜𝑛𝑒 𝜃 𝑡𝑜 𝜃_𝑖 ←  𝜃 
6:         𝑓𝑜𝑟 𝑠𝑡𝑒𝑝 =  1 𝑡𝑜 𝑘 𝑑𝑜 
7:             𝑆𝑎𝑚𝑝𝑙𝑒 (𝑥_𝑖, 𝑦_𝑖) 𝑓𝑟𝑜𝑚 𝑇_𝑖 
8:             𝐶𝑜𝑚𝑝𝑢𝑡𝑒 𝑙𝑜𝑠𝑠 𝐿_𝑖 ←  𝐷𝑖𝑐𝑒𝐿𝑜𝑠𝑠(𝑈𝑁𝑒𝑡(𝜃_𝑖, 𝑥_𝑖), 𝑦_𝑖) 
9:             𝑈𝑝𝑑𝑎𝑡𝑒 𝜃_𝑖 ←  𝜃_𝑖 −  𝛽 𝛻_𝜃_𝑖 𝐿_𝑖  (𝑆𝐺𝐷 𝑢𝑝𝑑𝑎𝑡𝑒) 
10:        𝑒𝑛𝑑 𝑓𝑜𝑟 
11:        𝐶𝑜𝑚𝑝𝑢𝑡𝑒 𝑔𝑟𝑎𝑑𝑖𝑒𝑛𝑡 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝛥𝜃_𝑖 =  𝜃_𝑖 −  𝜃 
12:    𝑒𝑛𝑑 𝑓𝑜𝑟 
13:    𝐴𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒: 𝜃 ←  𝜃 +  𝛼 ∗  𝑀𝑒𝑎𝑛(𝛥𝜃_𝑖) 𝑜𝑣𝑒𝑟 𝑏𝑎𝑡𝑐ℎ 
14: 𝑒𝑛𝑑 𝑓𝑜𝑟 

 
15: 𝑅𝑒𝑡𝑢𝑟𝑛 𝑚𝑒𝑡𝑎 − 𝑡𝑟𝑎𝑖𝑛𝑒𝑑 𝑚𝑜𝑑𝑒𝑙 𝜃 ∗ 

This algorithm is an overview of the meta-learning training loop for ROLSe-Net. The 

model is initialized with weights and can iteratively fit to multiple few-shot segmentation tasks 

through an inner loop (task-specific learning), followed by a meta-update step. First, the 

adapted weights from a given task are subtracted from the base model's weights as part of the 

update direction. The meta-update calculates the change in adapted weights for each task to 

adjust the base model and improve generalization. After sufficient meta-iterations, ROLSe-Net 

can quickly adapt and generalize to new skin lesion segmentation tasks requiring little training 

data. This enables high confidence in cross-domain lesion detection and segmentation with 

minimal to no labeled data. 

c. U-Net Architecture Integration 

ROLSe-Net is based on the U-Net design, which has been successful in segmenting 

medical images into distinct parts. U-Net is an encoder-decoder network that utilizes skip 

connections to preserve spatial information. By introducing Reptile updates to U-Net's training 

loop, our strategy teaches it how to optimize. The encoder gets input that is grouped into levels. 

The decoder then utilizes both coarse-grained boundary cues and high-level context to refine 

the segmentation map. This structure makes it much easier to identify lesions with unusual 

shapes, blurry edges, or varying contrast.  

d. Training Strategy and Task Formulation 

ROLSe-Net employs a meta-training method that utilizes groups of dermoscopy 

images to create distinct real-world segmentation scenarios. At each phase, it utilizes a small 

number of lesion pictures to test and improve the model. Reptile enhances the basic model by 

incorporating updates from activities and combining them to provide a solid starting point. The 

training employs episodic sampling, which means that each episode is a distinct kind of lesion. 

This ensures that it can handle changes across classes. Meta-testing attempts to verify whether 

the model is accurate by presenting it with tasks it hasn't encountered before. This shows that 
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the model can quickly adapt and work effectively in real-world clinical or domain-shifted 

deployment settings.  

e. Data Augmentation and Post-Processing 

During training, various data augmentation approaches are employed to enhance the 

model's robustness and utility in a broader range of scenarios. It can make photographs appear 

as if they were taken under different conditions by applying techniques such as random 

rotations, flipping, scaling, adjusting contrast, and adding Gaussian noise. These improvements 

strengthen the model's resistance to changes in real-world photographs by making the lesions 

appear more distinct from one another. Morphological procedures, such as dilation and erosion, 

and contour smoothing, are examples of post-processing steps applied to the projected masks 

to eliminate small artifacts and enhance the appearance of lesion edges. Dermatologists may 

utilize this process to obtain a clear, accurate, and clinically useful segmentation result that aids 

in establishing a diagnosis. 

 

Figure 2: Fast Learner Loop – Reptile Meta-Learning Mechanism 

Figure 2 demonstrates how ROLSe-Net leverages the Reptile process for meta-

learning. It utilizes a first model with parameters θ to choose a few tasks T₁ to Tₙ. It uses 

stochastic gradient descent (SGD) to change the task-specific parameters θᵏ for each job. These 

changes happen in a loop within. The total of the parameter differences adjusts the starting 

model, Δᵏ, once all the jobs have been updated. This loop provides the model with a highly 

flexible method for initiation, allowing it to rapidly adjust to varied demands for segmenting 

lesions with minimal additional effort. ROLSe-Net may also learn from multiple tasks. 

f. Evaluation Metrics 

Evaluation metrics help quantitatively measure the performance of lesion segmentation 

frameworks accurately. Six metrics are reviewed in this study such as dice similarity coefficient, 

intersection over union, sensitivity, specificity, inference time per image, and cross-domain 

generalization accuracy. Many of the metrics measure segmentation accuracy (Dice, IoU), and 

boundary precision (Specificity), but also computational efficiency (Inference Time), and 

generalization across domains (cross-domain accuracy). 

Here, the dice similarity coefficient is calculated using 𝐸𝑇𝐷 through equation 1 
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𝐸𝑇𝐷 =
2 ∗ |𝑄 ∩ 𝐻|

|𝑄| + |𝐻|
  (1) 

This measure finds the overlap between the anticipated lesion mask 𝑄 and the ground 

truth mask 𝐻. 

The predicted binary tumor mask 𝐸𝑇𝐷 and the surface of the truth binary tumor mask 
|𝑄|, as well as the cardinality |𝐻| (total number of pixels). That represents the predicted wound 

mask. The number of interconnecting pixel values between 𝑄 and 𝐻 and the Cardinality of the 
solid truth lesion mask. 

The intersection of the union 𝐽𝑝𝑉 is calculated using equation 2 

𝐽𝑝𝑉 =
|𝑄 ∩ 𝐻|

|𝑄 ∪ 𝐻|
   (2) 

The IoU score 𝐽𝑝𝑉 is the number of pixels that are in both the anticipated and the reality 
lesion regions and the pixels in the predicted lesion mask. 

Here 𝐻 denotes the pixels that make up the ground information lesion mask, and 𝑄 ∩
𝐻 describes the number of pixels that are the same and the number of unique pixels |𝑄 ∪ 𝐻|. 
The sensitivity 𝑆 is calculated using equation 3 

𝑆 =
∀𝑣′

∀𝑣′ + 𝜎𝜌′′
  (3) 

Sensitivity measures how well lesion pixel values are among all of the real lesion 
pixels. Higher sensitivity means that there are fewer false negatives when finding lesions. 

Here, the ∀𝑣′ denotes the true positives for the lesions to predict the correct pixel, and 

𝜎𝜌′′ represents the false negative where the non-lesion is made into an incorrect lesion pixel. 

The specificity was evaluated using 𝑇 in equation 4 

 
 

𝑇 =
𝜏𝜎′

𝜏𝜎′ + 𝜇𝜋′′
  (4) 

Specificity tells how many non-lesion pixels were successfully detected. It shows how 
well the model can prevent false positives. 

The True Negative pixels 𝜏𝜎′ were accurately identified as not having a lesion, whereas 

the false-positive 𝜇𝜋′ non-lesion pixels were wrongly identified as having a lesion. 

The inference time per image is calculated using 𝑈𝑗𝑛ℎ  using equation 5 

𝑈𝑗𝑛ℎ =
𝑈𝑣+𝑙′

𝑀
   (5) 

This number shows how long it takes the model to figure out a segmentation of a face 

mask for one picture on average 𝑈𝑗𝑛ℎ. It is important for testing how well the model can be 

used in real time. 
The average time it takes to make an inference for each picture 𝑈𝑣+𝑙′ (in milliseconds, 

along with seconds), and 𝑀 the total time it takes to make an inference for all test photos, and 
the total number of test images. 

 The cross-domain generalization accuracy 𝐷𝐸𝐻𝐵 made and evaluated using equation 6 

𝐷𝐸𝐻𝐵 =
1

𝑁
∗ ∑ 𝐸𝑇𝐷𝑗   (6)

𝑁

𝑗=1
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CDGA looks at the average segmentation effectiveness (like DSC) over a range of 
domains or datasets. It shows how strong ROLSe-Net is when tested on lesion domains. 

Accuracy of cross-domain generalization, the number of datasets 𝑁 or domains that are outside 

of the main one 𝐸𝑇𝐷𝑗 , and the Dice Similarity Coefficient 𝑗 for the area of interest. 

The proposed ROLSe-Net framework demonstrates desirable performance across all evaluation 

metrics. The high Dice and IoU scores illustrate that segmentation accuracy was high, while 

Sensitivity and Specificity demonstrated that lesions were reliably identified. Even though 

inference time may not be relevant for single-image prediction assessment, low inference times 

would be a consideration for real-time applications. Cross-domain accuracy could consistently 

be a high measure, demonstrating the adaptability of the model, making ROLSe-Net suitable 

for deployment across multiple clinical and imaging environments. 

5. Results and Discussion 
 

Accurate segmentation of skin lesions is crucial for the initial detection of melanoma. 

However, traditional deep learning models have significant issues regarding generalization 

across multiple datasets, and also require a substantial amount of annotated data to produce 

meaningful results. In this paper, we propose ROLSe-Net, which is based on a U-Net 

architecture and combines the use of meta-learning. ROLSe-Net optimally adapts to a few-shot 

task in new domains and improves on accuracy and efficiency. The model is evaluated on state-

of-the-art datasets, including ISIC-2018, PH2, and HAM10000, outperforming benchmarks 

using EGAN, ACNN-Seg, and O-Net. ROLSe-Net leveraged meta-learning (Reptile) updates 

and model fine-tuning, consistently producing highly accurate lesion masks in previously 

unseen environments.  

 

 

Figure 3: Dice Similarity Coefficient (%) 

In Figure 3, it can be seen that ROLSe-Net outperforms O-Net (87.80%), ACNN-Seg 

(85.33%), and EGAN (84.21%) on the ISIC-2018 dataset. The projected and actual sizes of the 

lesions are quite similar. ROLSe-Net achieves 85.76% accuracy on datasets it hasn't seen 

before, such as HAM10000, which outperforms EGAN made evaluated using equation 1. This 

is because it employs U-Net encoding and Reptile meta-learning. These changes indicate that 

the model can change and still generate good predictions. 
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Figure 4: Intersection over Union (IoU) (%) 

Figure 4 shows that ROLSe-Net did better on ISIC-2018 than O-Net (80.13%), ACNN-

Seg (78.22%), and EGAN (76.89%). Its IoU was 85.67%. It can find the right lesion locations 

78.88% of the time on HAM10000. IoU is stricter than Dice, hence it shows that ROLSe-Net 

makes masks that are almost flawless at the edges made computed using equation 2. This 

indicates that making changes to Reptile optimization that are specific to a job may help reduce 

the number of reinforcing false positives in pixel-wise predictions, both good and bad. 

 

Figure 5: Sensitivity (Recall% %) 

Figure 5 shows that ROLSe-Net outperformed O-Net, ACNN-Seg, and EGAN in 

detecting lesions on ISIC-2018. It was 89.76% sensitive. Its excellent memory is highly useful 

in clinical settings, as it ensures that pixels with lesions are never missed. It can be used in 

various situations, as it works 83.22% of the time on HAM10000 valued using the equation 3. 

This improvement is based on how effectively the model can do a variety of tasks. This makes 

it easier to find lesions, whether there is a lot of data or not. 
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Figure 6: Specificity (%) 

Figure 6 shows that ROLSe-Net achieves a specificity of 93.44% on ISIC-2018, 

surpassing O-Net's 90.22%, ACNN-Seg's 89.60%, and EGAN's 88.40% made evaluated using 

the equation 4. The model does a decent job of eliminating false positives by correctly 

identifying pixels that don't have lesions. It has an 89.87% specificity, indicating that it 

consistently removes backgrounds in all datasets, including HAM10000. This is crucial for 

patient safety because it reduces the likelihood of fake lesion markers appearing on otherwise 

healthy skin. 

 

Figure 7: Inference Time per Image (ms) 

ROLSe-Net is better than O-Net (65.0 ms), ACNN-Seg (78.5 ms), and EGAN (96.2 

ms) since it requires just 43.7 ms to draw an inference, as shown in Figure 7 and it is calculated 

using equation 5. This kind of efficiency is particularly important for utilizing mobile health 

applications and conducting real-time diagnostics. ROLSe-Net is a fantastic option for medical 
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AI systems that require rapid functionality, as it's easy to use after meta-training, which enables 

faster and more efficient forward passes. 

 

Figure 8: Cross-Domain Generalization 

Figure 8 illustrates the effectiveness of models in various areas. ROLSe-Net 

outperforms O-Net (80.44%) and EGAN (77.11%) in generalization, achieving a 86.01% Dice 

score from ISIC to PH2. It also passes the HAM10000 test with a score of 82.22% after learning 

about ISIC which was evaluated using equation 6. The fact that ROLSe-Net can handle changes 

in domain demonstrates that it is adaptable in few-shot tasks, which is what Reptile meta-

learning is all about. This indicates that ROLSe-Net can work with several diverse skin photos 

in the real world. 

ROLSe-Net outperformed all models in all relevant metrics, including Dice (91.34%), 

IoU (85.67%), sensitivity (89.76%), specificity (93.44%), inference time (43.7 ms), and cross-

domain performance (Dice of 86.01%). It achieved almost perfect segmentation accuracy with 

fewer false positives and negatives. Inferencing in real-time enabled speedy diagnostics, and 

generalization across domains enhanced robustness in clinical workflows. These improvements 

were primarily derived from having the meta-learning (Reptile) loop update and meta-learning 

(U-Net) modification considerations. Overall, ROLSe-Net is a high-performing, adaptive, and 

efficient framework for skin lesion segmentation in dermatological and practical settings. 

6. Conclusion 
 

 The ROLSE-Net is a system that utilizes meta-learning to enhance the accuracy and 

flexibility of skin lesion segmentation. The Reptile optimization method and the U-Net 

architecture work well together, providing a suitable starting point for the model. This helps the 

model learn new segmentation tasks quickly with less data. In tests using publicly available 

dermoscopy datasets, ROLSe-Net outperformed other deep learning systems. This is 

particularly true when there is little data or when the data comes from multiple fields. In short, 

the strategy enhances segmentation precision, facilitates boundary identification, and performs 

more effectively on lesion patterns that haven't been previously observed.  

While ROLSe-Net does provide some pleasing outcomes, it is not without significant 

challenges. Since the Reptile algorithm is very sensitive to changes in job postings and learning 
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speed, tuning its performance is essential. The current framework has only been tested on 2D 

dermoscopy photographs; therefore, it won't work with 3D or other types of data. It aims to 

enhance the technology to enable volumetric skin imaging and facilitate its application in real-

time clinical settings in the future. To make it even better, it may be necessary to utilize domain 

adaptation methods and segmentation backbones based on transformers. It aims to explore 

active learning techniques that can facilitate effective segmentation results with minimal 

annotation effort. 
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