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Abstract: Objective Skin lesion segmentation is a fundamental task in computer-aided dermatological analysis, support-
ing lesion measurement, morphological assessment, risk evaluation, and subsequent clinical decision-making. With the
growing demand for mobile healthcare, point-of-care screening, and edge intelligence, segmentation models are expected
to achieve high accuracy and reliable boundary delineation under strict constraints on parameters, computation, and
memory consumption. However, dermoscopic images often contain hair occlusion, ruler marks, illumination variation,
color inhomogeneity, low contrast, and blurred lesion boundaries. These factors are particularly challenging for lightweight
networks, whose limited representational capacity makes them vulnerable to shallow-feature noise propagation, imbalanced
cross-layer feature fusion, and insufficient boundary supervision. Existing lightweight segmentation methods usually
emphasize backbone compression or a single enhancement module. They rarely consider how noisy shallow features, mis-
matched semantic-detail fusion, and weak contour constraints may form a continuous degradation process. To address this
issue, this study proposes a lightweight skin lesion segmentation framework based on selective transmission, adaptive
fusion, and focused boundary supervision for efficient segmentation (SAFE) , which is instantiated as LEAF-UNel on a
lightweight encoder-decoder backbone. Methods The proposed method follows a coordinated “transmission-fusion-
supervision” design. Instead of increasing network depth or introducing computationally expensive global modeling mod-
ules, it performs targeted refinement at three critical information-flow stages in a lightweight U-shaped segmentation archi-
tecture. First, a lightweight attention skip (LAS) mechanism is inserted at the entrance of each skip connection between
the encoder and decoder. In conventional encoder-decoder networks, shallow features preserve fine spatial details but may
also transmit background interference directly to the decoder. This issue is prominent in dermoscopic images, where hair,
ruler marks, specular reflections, and texture variations may be captured as strong shallow responses. LAS employs
channel-wise global statistical information to estimate the relevance of each channel before shallow features are delivered to
the decoder. Through lightweight channel recalibration, informative channels associated with lesion structures are
retained, while redundant or noise-dominated channels are suppressed. Therefore, the decoder receives more discrimina-
tive shallow representations without changing the spatial resolution of the feature maps or introducing substantial additional
computation. Second, a gated weighted fusion (GWF) mechanism is designed for cross-layer feature aggregation. Tradi-
tional feature fusion strategies, such as direct concatenation or element-wise addition, assume that shallow texture features
and deep semantic features make fixed contributions across different images and spatial locations. This assumption is
unsuitable for skin lesions with diverse scales, irregular shapes, low contrast, and ambiguous boundaries. GWF first aligns
the shallow and deep features in spatial size and channel dimension. It then generates complementary, normalized gating
weights to adaptively determine the contributions of low-level details and high-level semantic information at each spatial
location. In regions with strong background texture or irrelevant local structures, the model can increase the contribution of
deep semantic features to suppress false responses. In boundary regions or areas with subtle lesion details, the model can
preserve more shallow information to avoid detail loss. This adaptive fusion strategy improves the balance between semantic
consistency and boundary detail recovery. Third, a boundary consistency loss (BCL) is introduced during training to
supplement region-based supervision. Binary cross-entropy loss and Dice loss mainly optimize pixel-wise classification and
region overlap, but they may not directly constrain geometric consistency between predicted boundaries and ground-truth
contours. BCL uses a fixed Laplacian operator to extract contour responses from the predicted probability map and the
ground-truth mask. The difference between these contour responses is incorporated into the training objective as an explicit
boundary constraint. This mechanism encourages the network to focus on boundary transition regions and improves contour
delineation under low-contrast and blurred-boundary conditions. Importantly, BCL is used only during training. It intro-
duces no additional inference branch, learnable parameters, post-processing operation, or deployment-time computational
burden. The three components are designed to be complementary. LAS reduces the propagation of irrelevant shallow noise

before feature fusion; GWF adaptively integrates filtered shallow details with deep semantic features; and BCL constrains
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the final prediction from the perspective of boundary geometry. Consequently, LEAF-UNet improves segmentation reliabil-
ity through a lightweight closed-loop design rather than through a substantial increase in model capacity. Results Experi-

4
ments were conducted on the International Skin Imaging Collaboration 2017 and 2018 challenge datasets (ISIC2017 and
ISIC2018) and the PH* dermoscopic image dataset. The performance of LEAF-UNet was evaluated using the mean intersec-

tion over union, Dice similarity coefficient, and 95th-percentile Hausdorff distance (HD95). Model efficiency was

assessed using parameter count and giga floating-point operations (GFLOPs). LEAF-UNet contains only 0.053 % 10°
parameters and requires 0. 075 GFLOPs, demonstrating its suitability for computation-constrained deployment scenarios.

Despite its extremely small model size, LEAF-UNet achieved Dice coefficients of 89.50%, 90.32%, and 94. 83% on
ISIC2017, ISIC2018, and PH?, respectively. Its corresponding mean intersection over union values were 81.26%,

81.76%, and 90. 45%. These results demonstrate that the proposed network maintains strong region-overlap performance
across datasets with different sample scales, lesion characteristics, and imaging conditions. In comparison with the effi-

cient group-enhanced U-Net (EGE-UNet), which is used as the lightweight backbone baseline, LEAF-UNet improves both

overlap-based and boundary-sensitive performance while retaining a comparable parameter count. In particular, the pro-
posed method substantially reduces HD95, with a maximum relative reduction of approximately 30. 28%. The improvement
is especially evident on the PH? dataset, where LEAF-UNet obtains an HD95 of 9. 51 pixels, indicating more accurate and
stable lesion contour localization. Ablation experiments further verify the contribution of each component. Introducing LAS
alone improves robustness against shallow background interference by filtering skip-connection features before decoding.
GWF alone improves the coordination between detailed texture information and high-level semantic representations. BCL
alone enhances contour learning by imposing a direct geometric consistency constraint.  When the three components are
combined, the complete LEAF-UNet obtains the best overall performance, confirming that selective feature transmission,
adaptive cross-layer fusion, and training-time boundary supervision are mutually beneficial. Additional analyses of hyper-

parameter sensitivity, neighboring-module replacement, and per-case HD95 distributions show that the proposed design
provides stable gains without relying on heavy attention modules, complex post-processing, or additional inference-stage

branches. Conclusion LEAF-UNet is a lightweight skin lesion segmentation network that addresses structural perception

degradation in resource-constrained settings through coordinated feature transmission, feature fusion, and boundary super-

vision. The LAS mechanism suppresses shallow noise propagation, GWF adaptively balances low-level details and high-

level semantics, and BCL improves boundary consistency without increasing inference complexity. Experimental results on
ISIC2017, 1SIC2018, and PH? demonstrate that LEAF-UNet achieves competitive segmentation accuracy and substantially

ments. The dataset and source code developed in this study have been released through Science Data Bank and are avail-
boundary-aware loss

0

improved houndary localization with only 0. 053 X 10° parameters and 0. 075 GFLOPs. The proposed framework provides
an effective and deployment-friendly solution for skin lesion segmentation in mobile healthcare and edge computing environ-
able at: https://doi. org/10. 57760/sciencedb. j00240. 00278.
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Figure. 1 Visualization of comparison results on boundary localization error (HD95) for different models.
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Figure. 2 Overall framework of the lightweight LEAF-UNet for skin lesion segmentation
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Figure 3 Schematic Diagram of Gated Weighted Fusion
(GWF) Mechanism

2.5 Il 88 R — & 4 B (Boundary consis-
tency loss)

6 28 X 5t 2% (binary cross-entropy loss,
BCE) Fll Dice 11 %% (Dice loss ) %5 X I B 453 2 = 22 24
WG 5 IR R o R SRR E S, 6 &t
T TSR s 1 L] — 501k 2 AR XA B, 3
S B AR ) TN 45 SR AR i SR A R FR Ak
P BRI AL e, ASCTEIIN 2R B | AN &l 4
FR B TC S 0G0 i — B W 38 A [ P
TR AR BRI A R 55 S T 108 v A s e 1 -
AR ZH 0, NMTEA G B3 S T i
PEALEINFE BRI o X TS s A M RUEE R T

Mo Kk YYelo 1", H O ok & R
YO e {0, 1) " 55 s AR KB b A SE A X 40
P e A R 5 Dice B AN N, 18 A £1)
FMR IR IR AEE o
Sy i U G v A 3, AR SR T O AR el

e A A -

0 1 ]

1 -4 1| (9)

0 1

0
1
0
AU 555 L SR 2 P 0 B 17 53 ) e 7R Ry
B) =| Ky . (10)
A, R YRR | - | SRR IB TR XY
B BT HMER A —BER R E SOh

K, =

(s) — (s)
BY =|K,*Y

L=~/ BY-BY/ (D)
s N REE FRYBRGR N
L= £heyLy,  (2)

X,y WA —FERREAE . A BRI
INEEESBYIETEIE

S
‘Cmtal = zws ‘C(‘)7 (13)
s=1

Ao, SERRIE B REE, 0, FR 5 s A RUE
P BB R E BB B AR B T 4 (LAS Al
GWF [ R [7] #45 , BCLAN &5 A& AN 5552 a
A PRAR e o R 5 R

T UL R & BCLAUE I 2B Be 2 5 1t
5 R ERE , ARSI AEAN AT 25 2 SH AN AR HE
PR B 5 2540 . i AR y R B S, T
o B IE AR B, FLAUR NG AE S it — 2
BT o 2 MBI A FH 2 i BCE il Dice 55 [X 3 84 45
JAMFERC LA 295, 5| AR A A 2% &) XSl 55 1Y
[Fi] B 44 2 T i B 55 LSk B =2 Tl i) — 3k

0]1]0 F — |
& it ' il i =
o[1]o0 E(F) = |K, 7| # i
WE  BEREE E(7)ED) iy e
EZEV  G5ETV £ %
i s
a_. i '_. jﬂ/ﬁumﬁﬁ—ﬂ i‘: E
1[-a]1|—» by B B
1570 E(Y) = |K; + ¥| 2
HLF ERAeEE EPLED )
Y HEF T

K4 TSEGLF— BB RS R R
Figure 4 Schematic Diagram of Parameter-Free Boundary Con-
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AR 3 AE 1SIC2017 (Codella %5, 2017) L ISIC2018
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HD95. mloU F1 DSC i =5 2 7% X 38 3 1 14 BE ML,
HD95 AR 7 i1 i (o7 B e
3.2 ZEHHINEIEAT

PR UE S0 45 R A -1 5 T S B, AR SR
EGE-UNet 4% 1 Al 5 & Fl LEAF-UNet fE4 — 58 T
AN 5K, 7 5K B b B 2% (graphics
processing unit, GPU) [z 58 i . % JE T PyTorch 5%
B, FEILRBROACEINR 2 R .
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Figure 5 Qualitative comparison of segmentation results pro-

duced by different models on the PH? dataset.

3.5 HEERIE
R Y0 IE LEAF-UNet £5 20 B8 43 B4R T, AR SCHE
G —SCIR PN PEAT T SRR H RSB He 4 A T
GERILF 4, BAKKF ,LAS.GWF HI BCL X ) fit) 2
B g AR AR AT 8 LAS F2AE A Tk
BRI FEAL 3 B B, GWF = BAF ] T 15 )2 8l &
B, BCL I ZE N ZRB BRIt A LA 20

11

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

il FTARIE EGE-UNet CSWIN-UNet LB-UNet AgileFormer  LEAF-UNet

K6 AIRBEAITE ISIC2018 ¥4 1 i1 7 144 x4
Figure 6  Qualitative comparison of segmentation results pro-
duced by different models on the ISIC2018 dataset.
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Table 3 Performance comparison of different models on three skin lesion segmentation datasets
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o g (RE 100 pos  IC20IE s HD95
A M) (GFLOPs mloU/ (px) | mloU/ (px) | mloU/ (o) |
| )| psct P¥ psct O P¥ psct P
76.85/ 77.86/ 78.90/
- £ 201 . 13.64 23. 23.1 22.
U-Net(Ronneberger 55 ,2015) 7.78 3.6 26.96 3.73 26.99 3.15 87 65 76
UNet++ 77.67/ 78.31/ 78.90/
P 12.79  15.50 22.94 21.76 20.15
(Zhou%s,2018) 87.43 87.83 88.26
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P 18.79 7.66 18.76 19.31 17.68
(Liu%,2025) 88.83 88.76 92.14
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(Cao%,2022) 87.92 88.25 90.17
AgileFormer 79.05/ 79.00/ 87.35/
. 1.57 1.95 19.65 18.27 16.92
(Qiu%%,2026) 88.30 88.59 91.72
LB-UNet 80.13/ 81.37/ 88.93/
o 0.038 0.098 16.27 20.88 15.34
(Xu%$,2024) 88.86 89.54 93.81
o 79.81/ 80.94/ 88.06/
EGE-UNet(Ruan %%,2023) 0.053 0.072 8877 19.86 206 24.46 93.65 13.64
UNeXt-S 78.26/ 79.29/ 85.80/
0.32 0.10 23.0 22.8 18.5
(Valanarasu il Patel ,2022) 87.80 88.53 92.30
78.78/ 80.30/ 87.00/
MAL 452022 177 . 20. 23. 15.
UNet(Ruan %5,2022) 0 0.085 28,13 0.8 20 05 3.8 93.00 5.0
Ultralight
. 1.2 1
VM-UNet 0.049 0.060 88(; 31(())/ 17.6 29 7(())/ 19.8 893 1(())/ 12.2
(Wu%§,2025) ’ i '
81.26 81.76 90.45
0.21 15.54 0.10 17.46 0.07 9.51
LEAF- . .
UNet 0.053 0.075 89.50 0.14 90.32 0.05 94.83 0.08
0.19 0.11 0.13
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Table 4 Ablation study of LEAF-UNet components on three datasets

ISIC2017 HD95 ISIC2018 HD95 PH? HD95

LAS OyF - BCL mloU/DSC 1 (px) | mloU/DSC 1 (px) | mloU/DSC 1 (px) |

(1) EGE-UNet 79.81/88.77 19.86 80.94/89.46 24.46 88.06/93.65 13.64
(2) v 79.90/89.07 18.53 80.90/89.61 22.43 88.11/93.50 12.97
(3) v 79.94/89.29 18.08 80.97/89.01 21.13 89.16/94.09 11.21
(4) v 79.78/89.14 18.23 81.02/89.76 18.59 89.19/93.47 13.42
(5) v v 80.68/89.30 16.21 81.24/89.82 18.85 89.58/94.35 10.35
(6) v v 80.05/89.32 15.86 81.35/89.94 18.37 89.72/94.72 10.28
(7) v v 80.42/89.25 17.92 81.17/90.09 17.59 89.55/94.51 10.05
(8) v v v 81.26/89.50 15.54 81.76/90.32 17.46 90.45/94.83 9.51
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Table 5 Replacement experiment of neighboring modules

e g e wm o s ama ST RO s

WHE R (L EER i (M) (GFLOPs) DSC DSC D
EGE-UNet ﬁfﬁff’( zﬁg BCE+Dice  0.0529  0.072 78982;17/ 19.86 88(;'242/ 24.46 zi'zi/ 13.64
EGE+ECA-Skip ECA-Skip zﬁ BCE+Dice  0.0530  0.073 7898‘33 16.92 g’g 18.65 ?3'.21%/ 15.72
ES?Atte“ti"“ ﬁﬁg& AG  BCE+Dice  0.0536 - 0.077 88%‘%/ 19.38 88(;'_7387/ 23.85 89%22/ 12.35
ffst'Boundary Eigi& zﬁ BL 0.0529  0.072 785;3)/ 17.55 ;98'250/ 20.52 zﬁsl/ 16.80
EGE+LAS LAS Eﬁ BCE+Dice  0.0531  0.073 7899‘33 18.53 88(;'2(;/ 22.43 2@1510/ 12.97
EGE+GWF ﬁig{;& GWF  BCE+Dice  0.0532  0.074 7899‘.92‘;/ 18.08 88(;'%71/ 21.13 89?"})69/ 11.21
EGE+BCL Egiﬁ& gﬁ BCL 0.0529  0.072 gﬁ/ 18.23 8819'226/ 18.59 zi'.ﬁ/ 13.42
LEAF-UNet LAS"  GWF BCL 0.0533  0.075 8819‘?;/ 15.54 89;’262/ 17.46 99(;'12/ 9.51

1 : AG FRIRTER J11 145 (attention gate, AG) , BLF/R I FH K (boundary loss, BL) , MA R R me 4%

20 4 B EGE-UNet
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Figure. 8 Per-case HD95 distributions of different models on

IS1C2017, 1SIC2018, and PH”.
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Figure. 9 Heatmap of boundary error reduction across differ-

ent datasets and hard sample types.
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