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ABSTRACT

This paper addresses the challenge of efficient and accurate automated segmentation of skin lesions in total body photography

acquired under clinical conditions. The study utilizes an image dataset captured via a prototype Dermo Studio total-body

scanner designed for multi-perspective documentation of the patient’s skin surface. To balance segmentation accuracy with

computational efficiency, a modified deep neural network architecture based on the U-Net model is proposed. The network

integrates selected design enhancements inspired by ResUNet++, including the Mish activation function, Attention Gates,

and SE blocks, while omitting computationally expensive residual connections and ASPP modules. To mitigate severe class

imbalance, a composite loss function combining Focal Tversky Loss and BCE was employed. Quantitative evaluation on

an independent test dataset demonstrated the superiority of the proposed approach, securing a mean DSC of 0.729 and

significantly outperforming the baseline configurations. The proposed architecture features low inference latency and optimized

hardware resource allocation, confirming its suitability for deployment in real-time clinical medical devices.

Introduction

The skin, the largest organ of the human body, performs protective, regulatory, and sensory functions while also reflecting overall

health status. Its structure reveals metabolic, immunological, and environmental processes that contribute to the formation of

pigmented lesions, most commonly melanocytic nevi arising from the proliferation of pigment cells in the epidermis or dermis1.

Their appearance and distribution depend on genetic predisposition and external factors, particularly ultraviolet radiation,

which may induce photodamage and DNA mutations2, 3. Skin lesions exhibit substantial heterogeneity, ranging from common

benign nevi typically characterized by symmetry and uniform pigmentation to atypical (dysplastic) nevi presenting architectural

disorder, cytological atypia, and irregular borders4. The presence of atypical lesions is associated with an increased risk of

melanoma, which accounts for more than 57,000 deaths annually worldwide among approximately 325,000 newly diagnosed

cases5. Early detection significantly improves survival rates, approaching 98%6. Consequently, long-term monitoring plays a

crucial role in clinical practice, particularly for lesions that are difficult to assess during a single examination, such as amelanotic

or hypomelanotic melanomas, where diagnosis often depends on identifying vascular or structural changes over time7.

Recent advances in digital dermoscopy and total-body photography have created new opportunities for systematic monitoring

of pigmented skin lesions. Total body imaging systems enable acquisition of standardized photographs of the entire skin surface

from multiple perspectives, facilitating longitudinal comparisons between examinations and supporting the detection of subtle

lesion changes that may indicate malignant transformation1, 7. Such systems are particularly valuable in high-risk patients

and in cases where lesion evolution provides diagnostically relevant information. Additional challenges arise in lesions with

atypical morphology, including spitzoid lesions, which may mimic melanoma due to rapid growth, heterogeneous pigmentation,

and mixed structural features2, 4.

In parallel with advances in image acquisition technologies, artificial intelligence has become an increasingly important

tool for the automated analysis of biomedical images, including skin lesion imaging. Regardless of the specific analytical

approach, segmentation remains a fundamental stage of the processing pipeline. Accurate delineation of lesion boundaries

enables reliable extraction of morphological and color features, facilitates longitudinal assessment of lesion evolution, and

supports subsequent diagnostic decision-making8–10.

The introduction of deep learning, particularly convolutional neural networks (CNNs), significantly improved robustness and

performance in skin lesion segmentation. The U-Net architecture, based on an encoder–decoder structure with skip connections,

has become a standard in biomedical image segmentation due to its ability to capture both global context and fine image

details11. Subsequent developments introduced residual connections12, multi-scale processing13, and dilated convolutions14,

attention mechanisms15, and specialized loss functions designed to address class imbalance and improve boundary delineation16.

These advances have substantially improved segmentation accuracy, particularly in challenging scenarios involving low contrast

lesions, irregular boundaries, and severe class imbalance.



Despite these advances, a key challenge remains the trade-off between segmentation accuracy and computational efficiency.

Highly complex architectures, such as ResUNet++17, often achieve strong predictive performance at the cost of increased

computational requirements, limiting their applicability in resource-constrained or real-time clinical environments.

Therefore, this study addresses the problem of efficient and accurate segmentation of skin lesions in total body images. We

propose NeviUnet, a modified U-Net-based architecture that incorporates selected design elements inspired by ResUNet++17

while maintaining a substantially lower computational complexity. The model is evaluated on a dataset of total body images

acquired from five patients, covering multiple anatomical regions and imaging perspectives. The objective is to assess whether

the proposed approach enables reliable and reproducible segmentation of skin lesions under challenging real-world imaging

conditions while preserving computational efficiency suitable for clinical deployment.

Related work

Accurate segmentation of skin lesions from dermoscopic and clinical images is a fundamental step in computer-aided diagnosis

systems for melanoma and other dermatological conditions. However, it remains a challenging task due to significant variability

in lesion appearance, low contrast between lesion and surrounding tissue, irregular boundaries, and the presence of artefacts

such as hair, illumination variations, and imaging noise18. Early approaches relied heavily on classical image processing

techniques, often combined with dedicated preprocessing steps to reduce artefacts prior to segmentation.

A widely adopted preprocessing method is the DullRazor algorithm, originally introduced by Lee et al., which removes hair

structures using morphological filtering followed by interpolation19. Although DullRazor significantly improves segmentation

quality in hair-occluded images, it is primarily effective for dark, linear hair and may fail in the presence of light-coloured

or irregular artefacts. Subsequent methods, such as E-shaver20 and SharpRazor21, extended this approach by incorporating

orientation analysis and multi-scale filtering, achieving improved robustness. More recent research has explored learning-based

artefact removal, including variational autoencoder (VAE)-based techniques that reconstruct hair-free images directly from

data22. Nevertheless, these methods introduce additional computational complexity and may affect texture fidelity, indicating

that reliable artefact handling remains an open challenge.

The introduction of deep learning, and in particular the U-Net architecture11, marked a major shift in skin lesion segmentation.

U-Net and its derivatives employ an encoder–decoder structure with skip connections, enabling effective learning of hierarchical

and spatially precise features. Numerous studies have demonstrated the effectiveness of U-Net-based models on benchmark

datasets such as ISIC (International Skin Imaging Collaboration https://www.isic-archive.com). However, as highlighted in

recent surveys, convolutional neural networks (CNNs) inherently focus on local features, limiting their ability to capture global

contextual information, which is essential for accurate segmentation of lesions with diffuse or irregular boundaries18, 23.

In response to these limitations, recent research has focused on enhancing U-Net architectures with additional components

such as residual connections, dense feature propagation, and attention mechanisms. Attention-based models improve feature

representation by selectively emphasizing relevant spatial and channel information, leading to better boundary delineation and

segmentation accuracy. For instance, attention-enhanced U-Net variants and hybrid CNN architectures have demonstrated

improved performance across multiple datasets, particularly in the presence of class imbalance and low contrast24, 25. Neverthe-

less, these improvements often come at the cost of increased model complexity, which may lead to overfitting and reduced

generalization when training data are limited.

Over the last five years, a notable trend has been the integration of transformer-based architectures with CNN models to

address the limitations of purely convolutional approaches. Transformers introduce self-attention mechanisms that enable

modeling of long-range dependencies and global context. Hybrid architectures such as CTH Net26 and TESL Net27 combine

CNN encoders with transformer modules, allowing simultaneous extraction of local features and global relationships. These

models have achieved state-of-the-art performance on standard dermoscopic datasets, demonstrating improved segmentation

accuracy and robustness. However, they are typically computationally demanding and require large annotated datasets, which

may limit their applicability in real-time or resource-constrained clinical environments.

Despite these advances, several fundamental challenges remain. Data scarcity and class imbalance continue to hinder

model training and generalization, while variability in imaging conditions—such as different acquisition devices, illumination

settings, and patient populations—reduces cross-dataset robustness18, 23. Moreover, improvements in quantitative metrics

such as Dice-Sørensen coefficient (or Intersection over Union – IoU) do not always translate into clinically meaningful

gains, particularly in terms of boundary accuracy and reproducibility. Consequently, recent literature emphasizes the need for

architectures that balance segmentation accuracy with computational efficiency, stability, and generalization capability.

The growing use of total body imaging systems has created new opportunities for automated analysis of melanocytic

nevi. By providing standardized, high-resolution images of the entire skin surface acquired over multiple examinations, these

systems support longitudinal lesion monitoring and generate large datasets that require reliable methods for lesion detection,

segmentation, and tracking.

Early works introduced reliable lesion localization schemes based on total-body photography, establishing the foundations
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for automated lesion tracking28. Subsequent research focused on improving correspondence of lesions across longitudinal

examinations, including methods based on three-dimensional body models for detecting new or evolving melanocytic lesions29

and dedicated total-body scanning systems enabling automated change detection in multiple pigmented lesions30. Further

developments addressed robustness to variations in patient pose and imaging conditions, improving lesion matching accuracy

in sequential acquisitions31.

The increasing availability of total body image datasets has stimulated the development of computer-aided diagnostic

methods for pigmented skin lesions. Approaches have demonstrated automatic classification of suspicious lesions directly from

wide-field images32, as well as high diagnostic performance comparable to dermatologists using deep learning models applied

to total body photographs33. Moreover, dedicated algorithms for total body image analysis have been proposed, highlighting

challenges related to lesion scale variability, complex background structures, and limited image resolution34.

Following studies have increasingly incorporated three-dimensional information to improve geometric consistency and

measurement accuracy. Methods based on 3D body models have enabled orthorectification of lesion images, allowing more

precise estimation of lesion morphology35. Hybrid approaches combining 3D total-body photography with convolutional neural

networks have been used for reproducible automated nevus counting36, while dedicated frameworks for lesion detection further

advanced longitudinal tracking of skin changes37. Prospective studies have confirmed the clinical importance of total body

imaging in melanoma surveillance38.

Recent research has also emphasized the integration of 3D total-body photography with artificial intelligence techniques.

Standardized annotation protocols for total-body photography datasets have been proposed to support machine learning

applications39. Multimodal imaging approaches combining 3D photography with dermoscopy and reflectance confocal

microscopy have been shown to improve melanoma detection in high-risk patients40. Prospective and randomized clinical

studies have further validated the value of 3D total-body photography for longitudinal melanoma surveillance and early

detection41, 42. In parallel, computational methods for accurate lesion correspondence across sequential scans have been

developed, including large-scale frameworks for lesion tracking in 3D body data that achieve high matching accuracy and

demonstrate the growing role of artificial intelligence in automated skin lesion analysis43.

Advances in skin lesion analysis have been driven by parallel developments in both image acquisition technologies and

automated image processing methods. total body imaging systems have evolved from conventional photographic documentation

to sophisticated multi-camera and three-dimensional platforms capable of longitudinal lesion monitoring, while segmentation

approaches have progressed from classical image processing techniques and handcrafted feature extraction to deep learning and

hybrid CNN–transformer architectures. Together, these developments have enabled increasingly accurate detection, localization,

and tracking of melanocytic lesions. However, the large volume, high resolution, and unique characteristics of total body skin

images continue to pose significant computational challenges. Furthermore, although state-of-the-art deep learning models

often achieve excellent performance, they frequently do so at the cost of increased architectural complexity and computational

demands. These considerations motivate the development of lightweight and efficient segmentation models capable of robust

operation on total body images acquired in real-world clinical settings.

Methods

In this study, images were acquired using a prototype Dermo Studio total-body scanner (Figure 1)34, 44, 45, designed for

comprehensive and standardized documentation of the skin surface. The system consists of a vertical mounting column with

high-resolution digital cameras and depth sensors, a pair of integrated arm supports to stabilize patient posture, and a rotating

platform enabling a full 360° rotation during acquisition45. Illumination is provided by neutral-white LED panels (4000 K)

with a total output exceeding 8000 lumens, ensuring uniform lighting and consistent color representation. Five 20 MP cameras

are mounted equidistantly along the vertical column (at heights from 35 to 165 cm), capturing images up to 5488×3664 pixels.

Images are acquired at 45° intervals, resulting in 40 images per scanning session. Additionally, three integrated depth sensors

measure body geometry34, 45. The fusion of depth and image data allows for the reconstruction of skin lesions in a metric space

to precisely assess their size, shape, and location. Despite its complexity, the system is portable and foldable for clinical utility.

For supervised machine learning, a dataset of paired images was prepared. Each pair consists of an original skin image and

a corresponding binary mask, where melanocytic lesion areas are marked with white pixels (labeled as 1) and background or

lesion-free skin with black pixels (labeled as 0). The masks were manually annotated by a dermatology expert. Due to the

labor-intensive nature of this process, the dataset was limited to 29 high-resolution images (stored in lossless TIFF format, with

masks in PNG) acquired from five independent patients. The selected images represent various skin tones, body regions, and

degrees of hair coverage, including frontal, lateral, and posterior views (Figure 2).

Processing full-resolution 20 MP images is computationally impractical for deep learning models, such as U-Net, due to

GPU memory constraints and prolonged training times caused by intermediate feature maps. To address this, the images were

divided into patches of 512×512 pixels with a 12.5% overlap to prevent truncation of lesions near patch edges and reduce

boundary artifacts46, 47. This process yielded approximately 3500 image–mask pairs per patient. Since most human skin is free
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Figure 1. Dermo Studio total body scanner applied for image acquisition

Figure 2. Selected example images from a single patient

of lesions, the resulting dataset was highly imbalanced. To mitigate this, 85% of patches containing exclusively background

were removed, ensuring a more balanced representation of lesion and non-lesion samples46.

The resulting dataset was divided into three subsets: training, validation, and test sets. It is important to note that, during

the training of deep neural networks, the validation set plays a crucial role in performance assessment and is often used

to guide the selection of the loss function, optimization strategy, and the stopping point of the training process (e.g., early

stopping). Consequently, the validation set cannot serve as an unbiased benchmark for the final evaluation of the model. To

ensure objective assessment, data from one patient (a frontal image of the upper body) were entirely excluded and used as an

independent test set. The remaining data were split into training and validation sets in an 80/20 ratio, yielding 745 and 187

samples, respectively.

The preprocessed data were then divided into training, validation, and test sets. To ensure an unbiased final performance

evaluation, data from one patient (a frontal view of the upper body) were entirely excluded to serve as an independent test set.

The remaining patches were split into training and validation sets in an 80/20 ratio, yielding 745 and 187 samples, respectively.

In summary, the dataset was constructed from high-resolution total body images acquired via a purpose-built scanner and

paired with expert annotations. The subsequent preprocessing – including patch-based decomposition and class imbalance

reduction – enabled efficient and stable model training. Due to the unique acquisition geometry and imaging conditions

characteristic of this device, standard deep learning models require dedicated adaptation or retraining to achieve optimal

performance on this data.

The proposed segmentation model is a modified, U-Net-like architecture designed to balance accuracy and computational
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Figure 3. Example patches with corresponding masks

efficiency. While the original U-Net11 is lightweight but lacks representational capacity in challenging conditions (low contrast,

complex backgrounds)8, advanced architectures like ResUNet++17 achieve high accuracy at the cost of heavy computational

complexity. The proposed approach bridges this gap by integrating selected enhancements inspired by ResUNet++ while

maintaining a streamlined structure closer to the baseline U-Net.

In the proposed solution, the encoder consists of four levels with the number of filters increasing exponentially from 16 to

128. At each level, feature extraction is performed by two 3×3 convolutional layers followed by batch normalization48 and the

Mish activation function49. This improves gradient propagation and feature representation compared to the ReLU activations in

U-Net11. To minimize architectural complexity, residual connections are omitted. Spatial resolution is progressively reduced

using 2×2 max pooling, unlike in ResUNet++, which uses strided convolutions. Each encoder stage, as well as the bottleneck

layer, is followed by a SE module50 with a reduction ratio of 16 to perform channel-wise attention. Applying the SE module

after the bottleneck allows for channel recalibration of the most abstract features prior to decoding – an extension not present in

ResUNet++.

The bottleneck layer consists of two convolutional blocks operating on 256 channels with Mish activation49. Unlike

ResUNet++17, no Atrous Spatial Pyramid Pooling (ASPP) module is employed. ASPP operates by applying multiple parallel

dilated (atrous) convolutions with different dilation rates, enabling the network to capture contextual information at multiple

spatial scales without reducing resolution51. This enhances the ability to detect structures of varying size and improves

segmentation of objects with complex boundaries. However, although ASPP improves multi-scale context aggregation, it

significantly increases computational cost; therefore, it was omitted to maintain efficiency.

The decoder reconstructs spatial resolution using transposed convolutions, consistent with U-Net11 and contrasting with the

bilinear upsampling in ResUNet++17, which applies bilinear upsampling. Prior to each skip connection, Attention Gates15

are applied to filter encoder features and suppress background noise, which improves localization compared to the direct

concatenation used in the original U-Net. The network output is generated by a 1×1 convolution followed by a sigmoid

activation, producing a pixel-wise probability map. No additional ASPP module is applied at the output stage, further reducing

inference time.

The model was trained using the AdamW optimizer52 with a learning rate scheduler. A composite loss function was

employed, combining Focal Tversky Loss16 and Binary Cross Entropy (BCE) as a weighted sum, with λ = 0.3:

L = (1−λ ) LFT + λ LBCE (1)

The Focal Tversky Loss is based on the Tversky index (T), a generalization of the Dice-Sørensen metric, defined as:

T =
T P + ε

T P + α FP+ β FN + ε
(2)

where parameters α = 0.8 and β = 0.2 were applied to heavily penalize false negatives – a design choice motivated by the

strong class imbalance, where skin lesions occupy a small fraction of the image area. The loss function takes the following

form:

LFT = (1−T )γ (3)
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Figure 4. Comparison of the proposed solution with U-Net and ResUNet++ architectures

The parameter γ focuses the optimization on pixels with low classification confidence, thereby improving the segmentation

of boundary areas and small lesions16. The BCE component serves as a stabilizing term during the early stages of training53.

Training was conducted for up to 200 epochs with early stopping applied when no improvement in validation Dice-Sørensen

score was observed for 20 consecutive epochs.

Overall, the proposed architecture introduces targeted modifications - namely Mish activation49, channel attention via SE

modules50 (including after the bottleneck), spatial attention via Attention Gates15, and a composite loss function16, 53 tailored

to class imbalance – that improve segmentation performance compared to the baseline U-Net11. At the same time, it avoids

computationally intensive components such as residual connections and ASPP modules used in ResUNet++17, resulting in a

more efficient model suitable for high-resolution total body image analysis.

Segmentation quality was evaluated on the independent test set by comparing binary prediction masks (using a 0.5 decision

threshold) with reference masks at a pixel level. Predictions were categorized into true positives (TP), false positives (FP), false

negatives (FN), and true negatives (TN). Due to the severe class imbalance, the Dice-Sørensen Coefficient (DSC) was adopted

as the primary evaluation metric54, 55.

DSC =
2 T P

2 T P + FP + FN
(4)

This metric assesses the overlap between the predicted and reference regions by assigning double weight to the intersection.

To complement this quantitative analysis, a qualitative visual assessment was performed using prediction mask overlays on the

original images. Different pixel classification categories were color-coded to enable a spatial evaluation of the model’s errors.
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Results

Number of Filters Comparison

The successful implementation is characterized by achieving high predictive accuracy while maintaining sufficient computational

efficiency and model compactness to enable integration into medical devices56. A lightweight architecture characterized by a

minimal number of parameters, low computational cost, and fast inference time is expected to be computationally efficient

and suitable for deployment in resource-constrained or real-time clinical environments57. Motivated by the need to balance

predictive accuracy with efficiency and model compactness, an experiment was conducted to empirically evaluate the optimal

filter configuration across the three considered architectures.

Figure 5. Training time (min), inference time (ms), and the number of trainable parameters for U-Net model with base filter

counts of 16, 32, and 64

The number of convolutional filters at each encoder level directly determines the total number of trainable parameters and

thus the computational cost of training and inference58. To quantify this relationship, the baseline U-Net architecture was

evaluated with three filter configurations, defined by the base number of filters in the first encoder layer (base_f), set to 16, 32,

and 64, with subsequent levels doubling this number. The results are presented in Figure 5.

Increasing the number of filters from 16 to 32 and 64 resulted in a substantial increase in model complexity, with the

parameter count rising from 1.94×106 to 7.76×106 and 31.03×106, respectively. This was accompanied by an increase in

training time (5.3 min, 10.2 min, and 46.4 min for 50 epochs) and a nearly tenfold increase in inference time (2.8 ms, 6.4 ms,

and 27.2 ms). Despite this increased computational cost, all three configurations yielded similarly unsatisfactory segmentation

performance, with the Dice–Sørensen coefficient close to zero, irrespective of the applied loss function – both BCE53 and under

the composite Focal Tversky Loss16. Consequently, the original U-Net architecture was deemed incapable of producing correct

segmentation results, regardless of the number of filters used.

Efficiency and Performance Tests

To comprehensively evaluate the proposed NeviUnet architecture, an analysis was performed focusing on both computational

efficiency and skin lesion segmentation performance. All measurements related to training time, inference stability and

performance were conducted on a unified workstation equipped with an AMD Ryzen 7 7800X3D (8-core) processor, 64 GB of

RAM, and an NVIDIA GeForce RTX 5070 GPU.

In terms of structural complexity and resource utilization (Figure 6), the baseline U-Net exhibits the lowest parameter count

(1.94×106) and the lowest average GPU utilization (60.0%). In contrast, ResUNet++ represents the most computationally

demanding architecture, requiring 4.06×106 parameters and achieving the highest average GPU utilization (92.6%), along with

peak VRAM consumption of 12,169 MB. The proposed NeviUNet achieves a balanced trade-off, maintaining a lightweight

structure comparable to the classical U-Net (1.98×106 parameters) while providing improved resource utilization efficiency

(peak VRAM: 12,048 MB; average GPU utilization: 70.2%).

These structural characteristics directly translated into computational throughput during the training phase. ResUNet++

exhibited the highest computational cost, requiring 83 minutes for 51 epochs, corresponding to approximately 97.6 seconds
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Figure 6. Hardware resource utilization: (A) radar chart of the overall hardware profile, (B) total count of parameters, (C)

peak VRAM consumption, (D) average GPU utilization

per epoch. In contrast, the baseline U-Net completed training in 5 minutes over 79 epochs, with an average of 3.8 seconds

per epoch; however, the process was prematurely terminated by early stopping due to stagnation in learning. The proposed

NeviUNet completed the full training process in 24 minutes over 78 epochs, achieving an efficient rate of 18.5 seconds per

epoch, thereby effectively combining the training speed of the baseline U-Net with enhanced feature representation capability.

Inference latency and stability analyses (Figure 7) demonstrate the operational advantage of NeviUNet over ResUNet++,

particularly with increasing batch size48. At a batch size of 8, the inference latency of ResUNet++ increases substantially,

exceeding 200 ms and accompanied by a pronounced reduction in stability (standard deviation above 40 ms). Under the same

conditions, NeviUNet maintains an inference latency of approximately 32 ms with minimal temporal variance, achieving

performance comparable to the baseline U-Net.

The convergence profiles of the training loss and the DSC (Figure 8) explicitly highlight the advantages of integrating

the proposed architectural modifications alongside the composite loss function. Benchmarking experiments demonstrated

that applying the composite loss function alone to the classical U-Net structure alters training dynamics but fails to mitigate

the network’s limited representational capacity, leading to late-stage instability. In contrast, the proposed model exhibits a

stable, dynamic loss decay and rapid convergence, securing the highest and most consistent DSC values with minimal standard

deviation across individual training runs.

Model Loss function Dice Sørensen Score

NeviUnet Composite 0.729 ± 0.170

ResUNet++ Composite 0.531 ± 0.213

ResUNet++ BCE 0.491 ± 0.290

Table 1. Quantitative segmentation performance for the skin lesion class evaluated on the independent test dataset

The final evaluation of the segmentation quality was conducted on the independent test set. To ensure a rigorous assessment

under severe class imbalance, the DSC computed exclusively for the actual skin lesion class (lesion) was adopted as the primary
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Figure 7. Mean batch prediction latency and its standard deviation, where the latter serves as a measure of inference stability

benchmark for model comparison (Table 1).

The results obtained for the classical U-Net architecture – both in its baseline configuration and in the variant employing

the composite loss function – were intentionally excluded from the final summary table. In both cases, the model achieved a

DSC of approximately zero, indicating a complete failure to detect lesions due to a persistent bias toward predicting all pixels

as background. Analysis of the ResUNet++ models indicates that the incorporation of the composite loss function improves

predictive performance. The baseline ResUNet++ trained with standard BCE loss achieved a DSC of 0.491, which increased to

0.531 with the composite loss, while the standard deviation decreased from 0.290 to 0.213, indicating improved stability.

The proposed NeviUNet achieved the best overall performance in the benchmark, with a mean DSC of 0.729. This

represents an improvement of nearly 20 percentage points over the best-performing ResUNet++ variant. The corresponding

violin plot (Figure 9) shows that the performance distribution of NeviUNet is strongly shifted toward higher values and exhibits

a markedly reduced dispersion, confirming the robustness of the proposed architecture under challenging imaging conditions

and complex geometries associated with the custom scanning system.

Discussion

The experiments performed using the baseline U-Net architecture demonstrated that simply increasing the number of convo-

lutional filters in the first layer from 16 to 64 does not lead to satisfactory segmentation of melanocytic skin nevi (Figure 5).

Even the largest evaluated model failed to produce clinically useful predictions, while both the training and inference times

increased proportionally with network complexity and the number of trainable parameters. These results indicate that improved

segmentation performance cannot be achieved merely by increasing model capacity; instead, the network architecture must be

specifically adapted to the characteristics of the target application.

Practical deployment of automated total body skin analysis also imposes strict computational constraints. Since acquisition

of a complete body scan requires approximately one minute, segmentation of all image patches should be completed within

a comparable time. For the approximately 3,500 image patches generated from a single examination, this corresponds to a

target inference time of about 17–20 ms per patch. The baseline U-Net with 64 initial filters exceeded this limit, requiring

approximately 27 ms per patch.

ResUNet++ represents the most computationally demanding architecture evaluated in this study. Even with only 16 filters

in the first encoder stage, the network contains more than four million trainable parameters and requires substantial GPU

memory (Figure 6). Configurations with a larger number of filters exceeded the hardware resources available in the target

system, while the use of more powerful GPUs would considerably increase system cost. Furthermore, the inference time of

approximately 25 ms per patch obtained for the smallest ResUNet++ configuration is already above the maximum acceptable

value for real-time operation.

In contrast, the proposed NeviUNet architecture requires only slightly more GPU resources than the baseline U-Net while

maintaining fewer than two million trainable parameters (Figure 6). At the same time, it achieves an inference time below

5 ms per image patch, enabling real-time segmentation of total body images during their acquisition by the Dermo Studio

scanner. These results demonstrate that the proposed architecture provides a computational efficiency, making it well suited for

integration into automated total body skin imaging systems.

Moreover, the proposed architecture, NeviUNet, achieves superior segmentation performance compared with the reference

models, attaining a mean DSC of 0.73 (Table 1) while maintaining low computational overhead. This result indicates that the
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Figure 8. Training curves of the Dice Similarity Coefficient (a, c, e, g, i) and loss (b, d, f, h, j) for the evaluated architectures:

(a, b) baseline U-Net, (c, d) U-Net with the composite loss function, (e, f) baseline ResUNet++, (g, h) ResUNet++ with the

composite loss function, and (i, j) the proposed NeviUNet with the composite loss function

integration of Mish activation, SE modules, attention gates, and a composite loss function effectively enables reliable lesion

detection under the challenging imaging conditions associated with total body photography.

In contrast, the baseline U-Net fails to detect skin lesions irrespective of the applied loss function, highlighting the

limitations of architectures with insufficient representational capacity when confronted with severe class imbalance and high

image complexity. When trained with standard binary cross-entropy loss, the model consistently predicts background for all

pixels, while the use of Focal Tversky Loss alters the training dynamics without improving segmentation performance. This

observation demonstrates that loss function modification alone cannot compensate for inherent structural deficiencies, and that

stable loss convergence does not necessarily translate into meaningful segmentation outcomes.

A similar pattern is observed for ResUNet++, which, despite employing over 4 million parameters, achieves only moderate

performance, with DSC of 0.49 with BCE and 0.53 with composite loss functions (Table 1). The relatively high inter-run

variance further indicates limited reproducibility, likely resulting from overfitting associated with the network’s structural

complexity, including residual connections and ASPP modules. In comparison, NeviUNet represents a more practical solution,

completing training in 24 minutes at an average GPU utilization of 70%, whereas ResUNet++ requires 83 minutes and operates

near hardware limits. Importantly, NeviUNet achieves inference times of approximately 32 ms (for 8 patches batch) while

maintaining stable latency, in contrast to the substantial fluctuations observed for ResUNet++, which may exceed 200 ms
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Figure 9. Violin plot comparing the DSC distributions between NeviUNet and ResUNet++

(Figure 7). These findings justify the deliberate omission of residual and ASPP components in favor of a lightweight and stable

design.

The improved precision of NeviUNet is also reflected in more accurate delineation of lesion boundaries, resulting in a

reduced number of false positives. Although ResUNet++ attains relatively high sensitivity, it exhibits a tendency to over-segment

(Figure 10), particularly in regions with dense hair, which negatively affects the DSC due to the balanced penalization of false

positives and false negatives.

These results should be interpreted in light of certain limitations, most notably the small dataset comprising a limited

number of patients. Standard data augmentation was intentionally omitted, as simple geometric transformations (e.g., rotations

or flips) do not introduce meaningful biological variability in total body imagery. Consequently, future work will focus on

expanding the dataset to include a larger patient cohort and on developing domain-specific augmentation strategies tailored to

total body dermatological imaging.

This study demonstrates that improving segmentation performance in application-specific medical imaging tasks does not

necessarily require increasing the number of trainable parameters or adopting increasingly complex network architectures.

Instead, superior performance can be achieved by carefully adapting and combining selected architectural components to address

the characteristics and constraints of the target application. The proposed NeviUNet exemplifies this design philosophy by

integrating lightweight attention mechanisms and optimized convolutional blocks into a computationally efficient U-Net-based

framework. The resulting architecture provides an effective balance between segmentation accuracy, inference speed, and

hardware requirements, making it suitable for practical deployment in real-time total body skin imaging systems such as the

Dermo Studio scanner.
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