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Figure 2: Performance ranking visualization for ISIC2017 and ISIC2018 datasets, shown in 

(a) and (b), respectively. The X-axis indicates the number of parameters in millions (M), the Y-

axis denotes mIoU (%), and the color gradient represents GFLOPs.

Table 1: Performance comparison with SOTA models on the ISIC2017 and ISIC2018 

datasets. (↑) indicates higher is better, while (↓) indicates lower is better. Bold values indicate 

the best results. Our results are averaged over five independent runs.

Figure 3: Qualitative comparison of AULUNet-v3 with SOTA lightweight models on 

ISIC2017 and ISIC2018 datasets. Red boundaries indicate segmentation errors in other 

methods.

Table 3: Ablation study of different dilation settings and gating strategies in AKF.

Figure 1: (a) Overview of our proposed AULUNet pipeline. The overall pipeline follows an 

encoder-decoder design with six stages, where each encoder–decoder stage employs an Adaptive 

Kernel Fusion (AKF) and pointwise convolutions, with Residual Global Fusion (RGF) at the 

bottleneck. Skip connections are integrated to refine the encoder-decoder feature via Lightweight 

Skip Gate (LSG) modules, (b) AKF module, (c) RGF module, (d) LSG module, and (e) PointConv 

block.

• Accurate skin lesion segmentation is essential for early melanoma detection, but remains 

challenging due to large variations in lesion size, shape, and appearance.

• Existing methods show high performance but  (1) require millions of parameters (↑)  (2) 

demand high GPU/compute power (↑).

• Need a model that is both efficient and accurate for real-time clinical/mobile settings.

2. Contributions
• Propose an adaptive ultra-lightweight UNet (AULUNet) with only 0.029M params and 0.069 

GFLOPs.

• We develop three key modules: 

• AKF for multi-scale feature extraction for local and global features.

• RGF add global context into bottleneck features to enhance semantic consistency.

• LSG selectively forwards useful encoder features → reduces redundancy in skip links.

• Outperforms SOTA lightweight models on ISIC2017/2018 and reduces parameters by 99.63% 

(7.773M→0.029M) and compute by 99.50% (13.758→0.069 GFLOPs) compared to baseline 

U-Net, while maintaining consistent performance across diverse lesion structures.
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• AULUNet achieves high-quality segmentation with ultra-low parameters and GFLOPS.

• Plan to extend to other medical image modalities (retina, polyp, brain), and practical 

deployment.

Table 2: Ablation analysis on ISIC2018 dataset demonstrating the impact of AKF, RGF, and LSG 

modules individually and in combination. Results show notable gains when integrating all 

modules, with AULUNet-v3 achieving the best balance of efficiency and segmentation accuracy. 

Our results are averaged over five runs. Best values are highlighted in bold.

ISIC: International Skin Imaging Collaboration
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