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Abstract. Automated polyp segmentation is critical for early colorectal
cancer detection, yet performance often degrades across clinical centers
due to illumination variability from heterogeneous endoscopic systems
and imaging protocols. We propose KAN-AINet, a ConvNeXt—U-Net
architecture that integrates Kolmogorov—Arnold Networks (KAN) for
adaptive feature modulation through learnable nonlinear activation func-
tions, improving robustness to diverse lighting conditions. KAN-AINet
includes two modules: (1) a KAN-based Illumination Modulation Mod-
ule (KAN-IMM) that adaptively scales encoder features according to
brightness patterns, and (2) a KAN-based Boundary Attention Module
(KAN-BAM) that refines decoder features for improved structural consis-
tency. Trained on Kvasir-SEG, SUN-SEG, and PolypGen (C1-C5), and
evaluated on Kvasir-Sessile, CVC-ColonDB, ETIS-LaribPolypDB, and
PolypGen-C6. KAN-AINet outperforms ESPNet and nnU-Net on the
combined unseen datasets, improving mDice by 2.20% and 42.27%, and
mloU by 3.05% and 55.51%, respectively. On ETIS-LaribPolypDB and
PolypGen-C6, mDice increases by 3.24% and 7.26% over ESPNet, with
substantially lower HD95 and ASD, demonstrating strong cross-dataset
generalization. Ablation studies show that KAN modules improve mDice
by up to 5.81% and mIoU by 6.45% while reducing HD95 and ASD.
Stratified analysis on 822 external images shows consistent mDice gains
under dark (+4.98%), medium (+3.47%), and bright (+5.06%) condi-
tions. Brown—Forsythe testing further confirms lower prediction variance
(F =11.28, p < 0.001; 07 /03 = 0.68), supporting robust and stable per-
formance across imaging variations. The source code and implementation
are publicly available at https://github.com/biodatlab/kanainet.
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1 Introduction

Colorectal cancer (CRC) is the second leading cause of cancer-related death and
third most common cancer across the globe [I7]. Many studies show that early de-
tection and polyp removal with colonoscopy significantly reduce CRC mortality
rates [24]. However, manual polyp detection and delineation is time-consuming
and depends on operator’s subjectivity. Automated polyp segmentation therefore
plays a major role in assisting clinicians for the task.

Deep learning has been the primary approach for this task, evolving into sev-
eral architectural paradigms. CNN-based approaches such as U-Net, U-Net++,
and nnU-Net [8IT9125], established dense pixel-wise prediction through skip con-
nections and feature aggregation, yet their limited receptive fields hinder the
capture of long-range dependencies. PraNet [7] proposed parallel reverse atten-
tion for high-level features with background noise suppression. SANet [23] em-
ployed shallow attention for feature filtering. Subsequently, vision transformer
has been used to increase global context awareness of the models. Polyp-PVT
[3] leverages pyramid vision transformers for multi-scale feature fusion. With the
importance of edge detection in the task, MEGANet [4] introduced edge-guided
attention to preserve boundary information, at multiple scales and ESPNet [22]
proposed an edge-aware feature shrinkage pyramid upon a DeiT encoder that
demonstrated strong out-of-distribution generalization across clinical centers.
However, these state-of-the-art models address endoscopic challenges through
fixed, input-agnostic operations that cannot fully adapt to local imaging context.
Specifically: (1) illumination variation from the endoscope’s point-light source
is typically handled through data augmentation or normalization rather than
learned adaptive photometric correction, leaving feature quality vulnerable to
specular highlights and shadows; and (2) boundary detection relies on fixed con-
volutional edge filters whose responses are modulated by downstream attention
but cannot themselves adapt to the local polyp morphology and imaging condi-
tion, limiting discrimination between true polyp margins and visual artifacts.

Kolmogorov-Arnold Network (KAN) replaces fixed activations with learnable
univariate functions, allowing each network unit to adapt its nonlinear response
to specific tasks and local context. U-KAN [I2] first demonstrated this potential
for medical image segmentation by integrating KAN layers into a U-Net archi-
tecture and achieving improved representational flexibility over fixed-activation
baselines. However, U-KAN applies KAN layers as general-purpose replacements
without addressing the domain-specific challenges of endoscopic imaging.

Here, we propose KAN-AINet which integrates ConvNeXt—U-Net with Kol-
mogorov—Arnold Network (KAN) modules. KAN-IMM (Illumination Modula~
tion Module) learns adaptive per-channel scaling conditioned on local brightness
and contrast to stabilize features in varying conditions. KAN-BAM (Boundary
Attention Module) fuses multi-scale edge cues with KAN-based nonlinear dis-
crimination to refine boundary sensitivity.
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2 Method

We design KAN-AINet as a modular framework (see Fig. in which KAN-
based components act as plug-and-play modules for integration into existing
segmentation architectures. The framework consists of three components: (i) the
KAN Utility Block (KANLinear and SpatialKAN2D), which bridges KAN-based
learnable activations with conventional convolutional operations and serves as
the fundamental building unit; (ii) the KAN Illumination Modulation Module
(KAN-IMM), built on KANLinear, which learns adaptive per-channel scaling
functions to normalize illumination variations in encoder features; and (iii) the
KAN Boundary Attention Module (KAN-BAM), built on SpatialKAN2D, which
generates attention maps for multi-scale edge detection to refine polyp bound-
aries under varying illumination. We adopt a ConvNeXt-Tiny encoder with a
U-Net decoder. KAN-IMMs are inserted after each encoder stage, where fea-
tures preserve low-level intensity and contrast cues that directly reflect lighting
conditions, enabling early normalization and preventing illumination-induced
noise from propagating into deeper semantic representations. KAN-BAMs are
applied within decoder stages, where boundary refinement is most effective, as
multi-scale semantic features aggregated through skip connections provide the
spatial context needed to distinguish true polyp boundaries from illumination
artifacts such as specular reflections and shadow transitions. We further con-
duct an ablation study comparing three variants: (i) the full KAN-AINet with
both KAN-IMM and KAN-BAM, (ii) KAN-AINet with KAN-IMM only, and
(iii) KAN-AINet with KAN-BAM only to evaluate each module’s contribution.

Colonoscopic Image Output Mask
3
£ ‘ConvNext Block KAN-BAM
8 |m=) —
:’ KAN-IMM U-Net Decoder
’ @ '
(3XHXW) (1xHxW)
ConvNext Block KAN-BAM
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[ | o [
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Fig. 1. Overview of KAN-AINet architecture. The encoder integrates KAN-IMM for
adaptive illumination modulation. The decoder uses KAN-BAM for boundary-aware
feature refinement via skip connections.
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2.1 KAN Utility Blocks

KAN utility blocks, consisting of KANLinear and SpatialKAN2D, act as opera-
tors for our KAN modules. These components incorporate intermediate features
from the ConvNeXt—U-Net backbone and process them through KAN to produce
adaptive activations.

KANLinear KANLinear represents a single computational unit of KAN, where
each connection learns its own activation function. The output is computed as:

xﬂ'xmin.gl)] (1)

Nin G+K-—1 <
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The first term provides a residual linear pathway through base weights wj ;
combined with the Sigmoid Linear Unit (SiLU) activation, defined as silu. The
second term models nonlinear transformations via learnable spline coefficients
¢i .k over cubic B-spline basis functions (K = 3, grid size G = 5).

SpatialKAN2D SpatialKAN2D extends KANLinear to 2D feature maps, en-
abling seamless integration with conventional segmentation backbones. Given
an input feature map F € R%=*HXW “each spatial location (h,w) contains a
channel feature vector f(h,w) € R%» encoding local appearance information.
SpatialKAN2D applies a shared KANLinear transformation independently to
each spatial vector:

F’ = SpatialKAN2D(F), where f’(h,w) = KANLinear(f(h,w)). (2)

KANLinear and SpatialKAN2D constitute key contributions of this work.
To the best of our knowledge, this is the first implementation of KAN designed
to bridge fully connected and convolutional KAN formulations. Unlike prior
approaches that either flatten spatial features or replace convolutional kernels
with learned activations, SpatialKAN2D preserves spatial structure by applying
a shared KANLinear at each location while modeling complex channel-wise in-
teractions. This design makes it more spatially aware than standard KAN linear
layers and more parameter-efficient than fully convolutional KAN variants.

2.2 Encoder: KAN Illumination Modulation Module (KAN-IMM)
with ConvINeXt encoders

KAN-IMM modulates encoder features after each ConvNeXt stage by learning
per-channel scaling coefficients from both local feature information and illumi-
nation cues. Specifically, it extracts two compact 1D descriptors from the input
feature map: a local descriptor, obtained by applying Conv-BN-ReLU followed
by global average pooling to capture spatial patterns, and an illumination de-
scriptor, computed from scalar statistics that summarize the overall lighting
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condition. These descriptors are concatenated and passed through a KANLin-
ear layer to generate per-channel scaling weights. The input feature channels
are then rescaled through channel-wise multiplication, enabling the model to
adaptively correct illumination-dependent features and focus on actual polyp
morphology rather than lighting variations. (see Fig. .

2.3 Decoder: KAN Boundary Attention Module (KAN-BAM) with
U-Net decoders

KAN-BAM detects boundaries from decoder features through multi-scale edge
detection. We apply depthwise convolutions with kernel sizes 3x3, 5x5, and 7x7
to capture from fine edges to structural boundaries. We concatenate these multi-
scale edge features with the original decoder features and pass them through Spa-
tialKAN2D, whose learnable spline activations distinguish between illumination
artifacts and polyp boundaries. A lightweight attention head then produces a
single-channel boundary map with sigmoid activation.

2.4 Loss Function

We use a weighted combination of Dice (1.0) and Focal (0.5) losses. Dice op-
timizes prediction—ground truth overlap, while Focal emphasizes hard regions
such as boundaries and illumination artifacts.

3 Experiment and Results

3.1 Datasets

We followed the official ESPNet training and external validation protocol [22] to
ensure fair comparison with state-of-the-art methods. The training set included
4,000 colonoscopy images from Kvasir-SEG (804 images) [9], PolypGen C1-C5
(1,182 images) [I], and the SUN-SEG training split (2,014 images) [IO/TILT6].
The combined dataset was divided into training, validation, and internal test sets
using a 70:15:15 split. Our exact data split is publicly available in the repository
for reproducibility. External validation evaluated generalization on both seen and
unseen datasets. The seen set, Kvasir-Sessile (196 images), originated from the
same clinical center as part of the training data but was excluded from training.
The unseen sets included CVC-ColonDB (345 images) [2], ETIS-LaribPolypDB
(193 images) [21], and PolypGen-C6 (88 images) [I], which differed in acquisition
devices and imaging conditions.

3.2 Evaluation Metrics

We evaluated segmentation using seven metrics [BUGIT4II8]. Mean Intersection
over Union (mloU) and mean Dice coefficient (mDice) measure region overlap.
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Structure measure (S,) and weighted F-measure (F§’) assess structural simi-
larity and location-aware precision-recall. Mean Absolute Error (MAE) quanti-
fies pixel-wise prediction confidence. Two boundary metrics, the 95th-percentile
Hausdorff Distance (HD95) and Average Surface Distance (ASD), measure the
worst-case and mean boundary alignment error, respectively.

3.3 Implementation Details

All experiments were implemented in PyTorch on a single NVIDIA GeForce
RTX 3090 GPU. We used an ImageNet-pretrained ConvNeXt backbone, while
all KAN modules were trained from scratch. Images and masks were resized to
512 x 512. Training was conducted for 100 epochs with a batch size of 8 using
deep supervision. We optimized with AdamW (initial learning rate 1 x 10™%)
and cosine annealing, and selected the best model by validation Dice.

Geometric augmentations included horizontal (p = 0.5) and vertical (p =
0.3) flips, 90° rotations (p = 0.5), ShiftScaleRotate (shift 0.1, rotation 15°,
p = 0.5), and random scaling (80%—-120%, p = 0.1). Motion blur (kernel 3-9,
p = 0.2) and coarse dropout (up to 8 holes, 8 x 8 to 32x 32, p = 0.3) were applied
to simulate endoscopic motion and occlusion. Illumination augmentations were
not applied to any model in order to isolate the effect of the proposed KAN-
IMM module and avoid confounding improvements from augmentation-based
illumination variability.

3.4 Result

Quantitative Results We compared KAN-AINet with nnU-Net and ESPNet
under identical training settings (see Table ; all overlap-metric gains were
reported as relative improvements. Relative to nnU-Net, KAN-AINet improved
mDice/mIoU by 36.67%/51.48% on the seen Kvasir-Sessile dataset and 42.27%/
55.51% on the combined unseen datasets. Compared with ESPNet, KAN-AINet
achieved comparable mDice and mlIoU on Kvasir-Sessile while slightly improv-
ing Sy (+0.22%) and F§ (+0.22%), and reducing HD95 and ASD by 15.1%
and 15.7%, respectively. On the unseen datasets, KAN-AINet improved mDice
and mlIoU by 2.20% and 3.05%, with the largest gains on ETIS-LaribPolypDB
(+3.24% mDice) and PolypGen-C6 (+7.26% mDice), demonstrating strong cross-
dataset generalization. Its main advantage was boundary accuracy, reducing
HD95 and ASD by 55.6% and 61.8% relative to ESPNet. Although ESPNet
remains competitive on S, and Fj and performed better on CVC-ColonDB,
KAN-AINet achieves these results with 151M parameters and 54.15 FPS at
384 x 384 resolution (18.47 ms mean latency), compared with ESPNet’s 297M
parameters and 12.2 FPS (81.95 ms), exceeding the clinical real-time threshold
(> 25 FPS).

Illumination Robustness Analysis We used stratified analysis on 822 images
from four external datasets. Images were partitioned into three equal brightness
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Table 1. Performance comparison on seen and unseen datasets. The best results are in
bold, second-best underlined. “No KAN” refers to KAN-AINet without KAN module.
The bottom block shows average scores across all unseen datasets.

Dataset Method mDicet mloUt So 1 Fg'  MAE] HDos | ASD|
nnU-Net 0.649 0.540 0.775 0.834 0.072 122.34 48.03
. ESPNet 0.887 0.818 0.920 0.916 0.020 36.76 8.78
ggsfﬁg No KAN 0.856  0.785 0.909 0.911 0.024 54.10 20.50
(seen) KAN-IMM only ~ 0.890 0.824 0.925 0.920 0.018 35.20 11.40
KAN-BAM only 0.876 0.807 0.919 0.919 0.021 43.20 13.00
KAN-AINet (Ours) 0.887 0.818 0.922 0.918 0.019 31.20 7.40
nnU-Net 0.608 0.505 0.763 0.777 0.055 129.77 55.57
ESPNet 0.816 0.738 0.888 0.859 0.032 47.55 21.70
g?)/iSI-IDB No KAN 0.731 0.657 0.830 0.759 0.044 120.50 89.20
(unseen) KAN-IMM only 0.775 0.704 0.856 0.799 0.040 82.90 56.70
KAN-BAM only 0.747 0.675 0.846 0.782 0.041 105.00 77.80
KAN-AINet (Ours) 0.784 0.711 0.862 0.811 0.039 78.30 52.00
nnU-Net 0.532 0.465 0.757 0.599 0.023 396.53 322.89
ETIS-Larib- ESPNet 0.832 0.761 0.902 0.899 0.031 98.62 40.04
PolypDB No KAN 0.809 0.744 0.894 0.860 0.011 94.50 66.10
(unseen) KAN-IMM only 0.800 0.739 0.889 0.840 0.011 90.70 68.20
KAN-BAM only 0.804 0.740 0.892 0.854 0.011 &7.70 60.70
KAN-AINet (Ours) 0.859 0.795 0.919 0.896 0.007 48.40 29.10
nnU-Net 0.637 0.552 0.805 0.725 0.050 419.75 241.59
ESPNet 0.813 0.760 0.905 0.899 0.012 336.64 218.55
PolypGen-C6 No KAN 0.837 0.787 0.903 0.869 0.014 89.90 65.50
(unseen) KAN-IMM only 0.856 0.806 0.906 0.873 0.019 108.30 41.80
KAN-BAM only 0.839 0.790 0.904 0.863 0.016 135.40 71.60
KAN-AINet (Ours) 0.872 0.822 0.914 0.892 0.015 87.60 26.10

Average across all unseen datasets
nnU-Net 0.589 0.499 0.767 0.715 0.044 252.78 164.14
ESPNet 0.820 0.753 0.898 0.886 0.025 160.94 93.43
No KAN 0.792 0.729 0.876 0.829 0.023 101.63 73.60
KAN-IMM only 0.810 0.750 0.884 0.837 0.023 93.97 55.57
KAN-BAM only 0.797 0.735 0.881 0.833 0.023 109.37 70.03
KAN-AINet (Ours) 0.838 0.776 0.898 0.866 0.020 71.43 35.73

groups. We then measured KAN-AINet’s performance advantage compared to
its no-KAN counterpart. KAN-AINet achieved statistically significant p-value
and Dice improvements across all three partitions: dark, medium, and bright
for 4.98%, 3.47%, and 5.06%, respectively. Improvements were larger under ex-
treme illumination (dark and bright) compared to medium, indicating enhanced
robustness to challenging lighting conditions.

Additionally, Brown—Forsythe variance testing demonstrated significantly
lower overall prediction variance for KAN-AINet compared to without KAN
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(F = 11.28, p < 0.001; overall 0% /03 = 0.68). Subgroup analyses showed con-
sistently reduced variance across illumination partitions (07/02 — dark: 0.76,
medium: 0.51, bright: 0.66), indicating more stable and robust predictions un-
der varying illumination conditions.

Feature Map Analysis We analyzed feature maps from KAN-AINet and its
baseline variant (without KAN blocks), both trained separately from scratch (see
Fig. [2). In Encoders 2 and 4 (Columns 2-3), KAN-IMM concentrated activa-
tions on the polyp region while suppressing lighting artifacts and mucosal edges.
The baseline model treated these artifacts as salient features, producing diffuse
activation maps. However, KAN-IMM occasionally oversuppressed polyp regions
in Encoder 4, requiring recovery in the decoder pathway. KAN-BAM addressed
this in Decoder 3 (Column 4) by refining boundaries and recovering suppressed
polyp features. KAN-AINet produced sharper, higher-confidence edge maps at
true polyp boundaries compared to the baseline. In regions where the baseline
generated false positives, KAN-AINet correctly reduced confidence and prevents
incorrect segmentation.

This analysis revealed a two-stage strategy in KAN-AINet: KAN-IMM filters
illumination artifacts during encoding, followed by KAN-BAM, which recovered
polyp structures and refined boundaries during decoding. This sequential mod-
ulation enabled the model to focus on task-relevant features while suppressing
illumination-related confounders.

Encoder 2 Encoder 4 Decoder 3 .
Input Image Features Features Features Confidence Map

KAN-AINet
without KAN
(Dice = 0.4313)

KAN-AINet
(Dice = 0.9504)

Fig. 2. Qualitative comparison of model performance: (i) KAN-AINet vs. (ii) KAN-
AlNet without KAN blocks.

3.5 Ablation Study: KAN Block Removal

On the unseen datasets, KAN-AINet outperformed all ablation variants across
every evaluation metric. Aggregated over the unseen datasets, it improved mDice
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by 5.81%, mloU by 6.45%, S, by 2.51%, and Fy’ by 4.46% over the No-KAN
baseline, along with a 13.04% reduction in MAE. Boundary delineation accuracy
improved substantially, reducing HD95 by 29.72% and ASD by 51.45% relative
to the No-KAN baseline. KAN-IMM alone sometimes oversuppressed illumina-
tion changes, while KAN-BAM alone struggled with boundary accuracy under
strong lighting interference. When combined, KAN-IMM adjusted illumination
during encoding and KAN-BAM refined structural details during decoding, com-
plementing each other and improving generalization on unseen datasets.
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