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Abstract

Automated classification of the huge number of images generated during gas-
trointestinal (GI) endoscopy is required for reliable and interpretable diagnosis
but there is concern about the vulnerability of deep models to adversarial per-
turbations. In the current study, a MaxViT-Tiny backbone and a Convolutional
Block Attention Module (CBAM) head are used for 8-class classification of the
Kvasir endoscopic images. After deleting the duplicate images, there are 3,996
images, which were split into 3 sets: 70% as the training set, 15% as the validation
set, and 15% as the test set; the model was compared with 5 backbones with the
same CBAM head under 3 random seeds. This resulted in the highest test accu-
racy of 94.33%, a macro F1 score of 0.9431, and a macro area under the receiver
operating characteristic curve (AUC) of 0.9975, with a mean accuracy of 93.72



+ 1.06% across all the seeds. The attacks of white-box FGSM, PGD, CW-L2,
and MI-FGSM greatly affected the accuracy, and the adversarial fine-tuned accu-
racy under FGSM attack was 74.17%, adversarial accuracy under PGD attack
was less than 4% and adversarial accuracy under MI-FGSM attack was less than
4%, showing poor cross-attack generalization. A preliminary attack detector has
been able to obtain an AUC of 0.857. Sometimes, clinically relevant regions were
identified by Grad-CAM++, Score-CAM, and GradientSHAP, which also some-
times focused on non-anatomical artefacts. This means that achieving focused
attention-augmenting and high accuracy on clean images does not necessarily
mean that the accuracy of the adversarial images is also high, and that the expla-
nation is good without adversarial training; it needs to be further verified by
independent datasets and multi-center validation before applying to the clinical
environment.

Keywords: Gastrointestinal endoscopy, MaxViT-Tiny, CBAM, Kvasir dataset,
adversarial robustness, explainable artificial intelligence, image classification

1 Introduction

Gastrointestinal (GI) diseases include conditions that impact the esophagus, stomach,
small intestine, and colon, such as esophagitis, ulcerative colitis, polyps, ulcers, and GI
cancers. They undergo a high proportion of endoscopy to aid their diagnosis, and in the
small bowel, they use wireless capsule endoscopy (WCE) to generate a large number
of images that require interpretation by trained clinicians. Thus, Artificial Intelligence
(Al) is attracting increasing attention, and recently, a systematic survey of the field
showed that the number of publications on deep learning with Convolutional Neural
Networks (CNNs) as the most popular deep learning architecture is steadily rising [1].
However, there are other use cases in which Al is used in tabular data analysis, for
instance, the early detection of GI disorders [2], the anaesthetic during surgery [3],
and measurement of slow waves in the stomach and duodenum [4], and many more.
Transfer Learning and Attention Mechanism (TLAM) and Transformer-based
designs have recently been used in the area of Endoscopic Image Analysis (EIA).
We have achieved 97.84% accuracy for an attention-guided variant of ResNet (SE +
ResNet-H) for 5 different classes of HyperKvasir WCE images [5],focusedattention-
augmenting and attention-augmentin transfer learning has been explored for 8 classes
of the Kvasir [6] images. Some of the models that have been fine-tuned using meta-
heuristics and tested on Kvasir include Hybrid rice optimization with attention-based
LSTM [7] and improved ShuffleNet [8]. 98.2% has been reported on 8 classes from
Kvasir [9], and 99.50% has been reported on the 4-class WCECCD dataset [10] through
transformer-based architectures like TranfoNet. In addition to classification, deep
models have also been used for lesion detection [11, 12] and lesion segmentation [13].
But there are still several issues that need to be addressed. In the review [1],
there are still some open points concerning limited real-time effectiveness, difficulties
in integration in the hospital, lack of interpretability, and lack of labelled data. The
second practice is the evaluation practice: All the image-based studies reported so



far have results on a single public benchmark typically Kvasir or a variant of it, and
split at the level [5, 8-10]. Unfortunately, when leakage-aware incorporation of group-
level split and cross-dataset validation was done, it turned out that all the methods
compared suffered, and that the difference with the numbers reported (97%-99%)
might be too optimistic for the real world, where the improvement was limited to 2% on
Kvasir-v2. Even some studies have suggested the need for multi-center or prospective
validation [10, 14], as the performance of the fine-tuned models in transfer learning
cannot be guaranteed over different devices, centersremoving duplicates, 3,996 images
remained and were split into 3 sets: 70% for training, 15% for validation, and 15%
for testing; we compared the model with 5 backbones using the same CBAM head
across, or populations, and they would need to be validated on a l,arger and more
diverse public dataset. It was also difficult to deploy: GIFCOS-DT was deployed on
an embedded device running at around 5 frames per second (fps), whereas similar to
28 fps in the standard setting [12], and the models constructed from models in a clean
benchmark data set [14] were impacted by illumination changes, blur, reflections and
viewpoint variation. One important question not studied in the realm of GI imaging
is adversarial vulnerability — small perturbations that are hard to detect, but can lead
to prediction change of the deep networks in the medical imaging field, which is very
important to clinical safety [15] [16].

These observations will be used as a basis on which to build an efficient, robust,
and accurate, easily interpretable diagnosis model of GI. Lightweight architecture [1],
explainable AI [1], and hybrid CNN-Transformer architecture [1] have been shown
to have potential; there are improvements in incorporating attention mechanisms
[5] and multimodal fusion [9], as well as the use of ensemble learning [7] and joint
image quality screening and abnormality detection [12]. To support a model deci-
sion, such as by visualization as in the case of Grad-CAM [5, 9],multi-center has been
tried, but not addressed in the studies on GI above. In general, none of the above
issues of generalization and adversarial vulnerability are taken into account. Patient
group splits (fierce testing) as well as cross-dataset testing and multi center validation
are also of importance [10] and [14]. This study fills these gaps by using attention-
and transformer-based representations, transparent and deduplicated seed-repeated
evaluation and investigating adversarial robustness and explanation reliability.

This Work’s Contributions

MaxViT-Tiny Classification Framework: We explore the performance of endoscopy
image classification framework based on MaxViT-Tiny with the same classification
head (Convolutional Block Attention Module (CBAM)) on eight classes of the Kvasir
dataset when compared to five other backbone networks with the same classification
head.

Comprehensive Performance Evaluation: The proposed model evaluation is based
on accuracy, macro-precision, macro-recall, macro-F1 score and macro-AUC, and runs
three times tests with different random seeds to test the model stability.

Adversarial Robustness Analysis: We study the adversarial robustness of the model
against FGSM, PGD, CW-L2, and MI-FGSM attacks and adversarial distance, and
then study the effect of adversarial fine-tuning on the classification robustness.



Explainability and Computational Analysis: Analyze the adversarial-image detec-

tion as well as computation cost in explaining the model prediction via explainability
methods including Grad-CAM++, Score-CAM and GradientSHAP.

2 Literature Review

The rest of the studies (14) are analyzed by method and summarized in an overview
(Table 1).
“latex

Table 1: Summary of the studies reviewed in Section 2 (NR = not reported in the
extracted summary; ASR = attack success rate; MDL = minimum detection limit).

Ref. Year Dataset Model/method Validation Key result
[15] 2024 Fundoscopy, Chest GAN attack on ViT 85/15 split ASR 51.67-95.23%;
X-ray14, ISIC2019, clean acc. >85%
Breast Histology
[16] 2023 MedMNIST-2D (12 MedViT-T/S/L Compared with Higher acc. and AUC
datasets) (ECB + feature ResNet and others;  than baselines
permutation) FGSM/PGD
[17] 2023 Kvasir-V2; 8 classes, Improved CapsNet + Train/val curves; PR Outperforms
8,000 images class attention; and ROC on test set compared methods
MSSA tuning; (figures NR)
DBN-ELM
[18] 2022 Public WCE dataset, RAt-CapsNet NR Acc. 98.51%
>47,000 images, (volumetric attention (binary); >95.65%
imbalanced + pyramid features) (multi-class)
[19] 2023 Kvasir v2; Swin-style ViT, HyperKvasir Acc. 95.42% (Kvasir
HyperKvasir hybrid shifted 60/20/20 split v2); 86.81%
windows (HyperKvasir)
[20] 2023 Kvasir-Capsule, ViT, Train/test; visual F1°97% + 1% (ViT);
balanced top-9 MobileNetV3Large, heatmap assessment others >90%
classes ResNet152V2; Grad-
CAM, LIME, SHAP
[21] 2022 HR-EGG, 32 human Robust regression + 5 patients re-assessed 7 patients with
subjects optimal-transport after intervention normal slow waves
clustering but worse symptoms
[22] 2024 Pig GI fluids; PBS pH-responsive MPO  Fluid vs. PBS <5% variation;
sensing capsule readings; selectivity sensitivity 6.14
. . . . wuJ/(U/ml) .
[23] 2024 142 studies screened, Systematic review PRISMA screening Needs: high gain,
47 included (PRISMA) wideband,
omnidirectional, low
SAR
[24] 2024 451 exhaled breath TDLAS + SVM NR MDL 42.12 ppbv;
samples 100% on three
subgroups
[25] 2026 VR-Caps gastric ASE-PPO (PPO + Domain 95.4% coverage;
simulation RND + spectral randomization; +4.15-6.17% vs.
noise) ablations; p = 0.035 PPO
[26] 2026 OCT-c8, OCTID, Pruned adversarially Six attacks; vs. Acc. 89.20-94.78%;
UCSD-3 trained ViT-B/16 lightweight ViTs ~45-50% lower
FLOPs
[27] 2025 BreastMNIST, ViT + Compared with Robust acc. +79%
BloodMNIST, HOG/LBP/SIFT 4+  baseline ViT (FGSM), +77%
OrganCMNIST adversarial CNN (PGD)
[28] 2025 MedBIoT, N-BaloT MedViT + AdvTrans Compared with Acc. 99.2%; F1 99.1%

(network traffic)

baselines

[1%3

In this section, models to classify Endoscopic images using Capsule Network and
Transformer models are proposed.

With non-standard CNNs, there are a few studies to classify GI images. On Kvasir-
V2 (8,000 images, eight classes), some modifications (median smoothing, CapsNet
with class attention layer, salp swarm tuning, and DBN-ELM Classifier) were cited
cite ref28, made by MSSADL-GITDC, and it was reported that it performed better
compared to the compared methods, but no quantitative details were provided in the
source summary [17]. In the binary classification case, the accuracy of RAt-CapsNet
was 98.51%, and for the multi-class case, it was more than 95.65% (some pairs of



classes have few distinguishing features and are at low resolution), with more than
47,000 labeled images in the imbalanced class [18].

Transformer-based classification was explored in [19], where a Swin-style vision
transformer with hybrid shifted windows was used, which achieved 95.42% accuracy
on Kvasir v2 and 86.81% accuracy on HyperKvasir (with a 60/20/20 split), indicating
that the accuracy is dependent on the difficulty level of the dataset. In [20], the authors
use Grad-CAM, Grad-CAM++, LayerCAM, LIME, and SHAP to compare several pre-
trained networks like a vision transformer (ViT), MobileNetV3Large, ResNet152V2,
and other networks, on a balanced subset of the nine largest classes of Kvasir-Capsule
for explainability purposes. The other two networks had an F1 score of more than
90% =+ 1%, while the ViT achieved 97% 4= 1%, but the explanation assessment was
qualitative, and LIME considered black borders of images as important [20].

2.1 Physiological sensing and capsule hardware, robotic
navigation.

The second group of studies is, based on either non-imaging signals or capsule hard-
ware. Robust regression and optimal-transport clustering in a small cohort of 32 human
subjects suggested that, although slow wave characteristics were normal, there was a
non-myoelectric etiology in seven patients with worse symptoms [21]. In vivo results
have not been reported, but a single-use ingestible capsule (11 mm X 26 mm) was
developed that contained a chemiluminescent myeloperoxidase (MPO) sensor and had
a pH-responsive coating which, when used in pig GI fluids to detect inflammation,
showed less than 5% variation in reading and a sensitivity of 6.14 xJ/(U/ml) [22]. The
outcome of the PRISMA evaluation of 47 of the studies is that the capsule-to-receiver
telemetry links for WCE should be high gain, wide bandwidth, omnidirectional pat-
tern, and have low specific absorption rate (SAR). However, if combined with SVM
classification, TDLAS achieved 100% accuracy for ileus, ascending colon cancer, and
cancers with liver metastasis, and no significant correlation was found for GIST,
stomach cancer, or rectal cancer, which may be due to the small number of patients
involved in the study[24]. In terms of autonomous capsule navigation, results achieved
by ASE-PPO displayed 95.4% stomach coverage at 120 s of simulation, a 4.15%6.17%
improvement over PPO, but questions concerning the simulations and the real world,
and the safety of the magnetic control still need to be answered [25].

Adversarial Robustness of Vision Transformers for Medical Imaging.

Finally, a last class of studies is about adversarial robustness, and transform-
ers are beginning to be used in medical imaging. These works don’t actually utilize
GI information, but may be relevant to issues germane to endoscopic models. An
attack generator that uses GANs has been used in an attack for Fundoscopy, Chest
X-rayl4, ISIC2019, and Breast histology data, with attack success rates of 81.36%,
95.23%, 77.75%, and 51.67%, respectively, with the lowest attack success rate from the
smallest dataset [15]. GreenShield trained a ViT-B/16 and adversarially trained with
anti-saturation in three retinal OCT dataset cases, saving 45% - 50% FLOPs, infer-
ence time, and carbon footprint, while maintaining higher robustness to six white-box
attacks [26] compared to other lightweight ViTs. Hy-Deft improves the baseline ViT by
up to 79% (FGSM) and 77% (PGD) in terms of robust accuracy on three MedMNIST



datasets [27] by combining the features of ViT with HOG, LBP, and SIFT descrip-
tors, and leveraging an adversarially trained light CNN. One of MedViT’s modules,
MAVIT, integrated with the adversarial-aware transformer that obtained 99.2% on
MedBIoT and N-BaloT

Summary of study and gap for research are presented.

The studies analyzed as a whole showed that the capsule-network and transformer
models had high accuracy for the endoscopic and capsule endoscopy images, respec-
tively [17] — [20], but it was difficult to compare each model’s accuracy because several
studies used different evaluation protocols, datasetcentre-cropped sizes, class distribu-
tions, etc. Other approaches to diagnosis include physiological sensing, breath analysis
and capsule hardware, but these have been tried in limited numbers, animals, with
collected fluids, and in simulation [21-22, 24-25]. Although studies have been con-
ducted on testing powerful yet lightweight vision transformers on various images such
as retinal, chest, dermoscopic, and histological images and MedMNIST images [15,
16, 26-28], no study has been performed on GI endoscopic images. The present work
is inspired by this lack of knowledge of the behaviour of both classifiers (attention-
based and transformer-based GI classifiers) under perturbations, under patient-level
validation, and across datasets.

3 Methodology
3.1 Dataset

The experiments are carried out on the original Kvasir data set (version 1), which com-
prises gastrointestinal (GI) endoscopic images (4,000 images, 500 per class) [29]. This
is not the 8,000-image Kvasir-v2 release used in [17] and [19]. This data set consists
of eight classes: three anatomical landmarks (normal-z-line, normal-pylorus, normal-
cecum), three pathological findings (esophagitis, polyps, ulcerative-colitis), and two
classes of endoscopic procedures (dyed-lifted-polyps, dyed-resection-margins). All files
were previously hashed with the SHA256 algorithm, and duplicate files (which are bit-
by-bit equal) were removed before splitting; the script aborts if two equal files have
different labels. Following this step, 3,996 images were left (500 per class, polyps and
ulcerative colitis have 498 images, respectively).

3.2 Data partitioning

All images were split into training, validation and test sets with stratified sampling
using a fixed split seed of 42 to ensure that class proportions are maintained and all
models and training seeds are evaluated on the same 600 test images (Table 2). For
checkpoint selection, early stopping, and learning-rate scheduling, the validation set
was used, and the test set was only used for the final evaluation. This split is only
at the image level: patient or procedure identifiers are not included in the dataset,
and near-duplicate frames from the same examination cannot be excluded because
the byte-identical frames have been removed. This is actually a restriction of the
assessment protocol.



Table 2: Number of images per class in each subset.

Class Train Validation Test Total
dyed-lifted- 350 75 75 500
polyps

dyed-resection- 350 75 75 500
margins

esophagitis 350 75 75 500
normal-cecum 350 75 75 500
normal-pylorus 350 75 75 500
normal-z-line 350 75 75 500
polyps 348 75 75 498
ulcerative-colitis 349 74 75 498
Total 2797 599 600 3996

Test set: 75 images per class.

3.3 Preprocessing and data augmentation

All images were converted to RGB, resized to 256 x 256 pixels, and normalised with
the ImageNet channel means (0.485, 0.456, 0.406) and standard deviations (0.229,
0.224, 0.225). On-the-fly augmentation of training images included a random resized
crop (scale 0.80 — 1.0), random horizontal flip, colour jitter (brightness 0.15, contrast
0.15, saturation 0.10) and a random rotation (up to 12°). Validation and test images
were only resized to 256 x 256 and centre-c,ropped to 224 x 224. Class imbalance was
automatically verified: weighted random sampler is only enabled if the ratio between
the largest and smallest training class is >1.25. The classes are almost balanced (ratio
approx. 1.01); therefore, ordinary random shuffling of training images is used, and
class-weighted cross-entropy is used. In Fig. 1, two representative images for each class
are displayed.

3.4 Proposed model architecture

The proposed network is composed of two components: the MaxViT-Tiny back-
bone [30] and Convolutional Block Attention Module (CBAM) [31] (Fig. 2). All the
backbones used in this study are compared using the same CBAM head that is
attached to the final feature map of all the backbones. The MaxViT-Tiny is a hybrid
convolution—transformer network. It is composed of a convolutional stem and 4 lev-
els of MaxViT blocks, each of which is a stack of MBConv layers, block (windowed
local) self-attention, and grid (dilated global) self-attention, enabling both local and
global dependencies to be captured at linear complexity. The backbone was initialised
from ’'timm’ library checkpoint maxvit_tiny_tf 224.in1k which was pretrained on the
ImageNet-1k dataset and the original classification head of the backbone was removed,
leaving the last feature map of the backbone (7 x 7 x 512 for 224 x 224 input) as
the output.

M(F) = o(W; ReLU(W, GAP(F)) + W; ReLU(W, GMP(F))) (1)



Representative Images from the Kvasir Dataset

dyed-lifted-polyps
s

dyed-resection-margins esophagitis

normal-cecum

normal-pylorus ulcerative-colitis

Fig. 1: Sample input images

F =M(F)®F (2)

The spatial-attention branch concatenates the channel-wise average and maximum

maps of F/, applies a 7 x 7 convolution and a sigmoid gate, and rescales the spatial
positions (Egs. 3 and 4):

M(F') = o(f™7([AvgPool, (F"); MaxPoolc(F)])) (3)

F" = M,(F')® F’ (4)

where o is the sigmoid function, W0 and W1 are the weights of the shared percep-

tron, ® is element-wise multiplication with broadcasting, and [-; -] is concatenation

along the channel axis. The refined feature map F” is reduced by global average pool-

ing, passed through dropout (p = 0.2) and a fully connected layer with eight outputs,
followed by a softmax.

3.5 Training procedure

The model was trained using end-to-end automatic mixed
precision with AdamW optimiser for a maximum of 30
epochs, tildeygny, withabatchsizeof16andinitiallearningrateof2x 10~*, and weight
decay of 1074, The loss function used was cross-entropy with label smoothing [34]
(Eq. ) and class-weighted. The main settings are summarizF”7 times7ed in Table 3.
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Fig. 2: Architecture of the proposed MaxViT-Tiny classifier with a CBAM head.

K
Lcg = — Z wy, Jx 1og P (5)

k=1
where K = 8 represents the number of classes, pk represents the predicted prob-
ability of class k, gk is the smoothed label (yk is the one-hot labeled class, and o =
0.05), and wk represents the class weight (nk is the number of training images of class
k and n is the total number of training images). ReduceLROnPlthe ateau: The learn-
ing rate was reduced by half if the validation loss did not improve for three epochs.
After each training epoch, the checkpoint that achieved the highest validation macro-
F1 score was retained, and training was terminated if the validation macro-F1 score
did not improve for 8 consecutive epochs. In the reported run (seed 44), the best
checkpoint was found at epoch 3 (validation macro-F1 0.9533) and training was ter-
minated at epoch 11 (Fig. 3). Training was repeated with three random seeds (42,43
and 44) and the data split was unchanged. For reproducibility, deterministic cuDNN

and the same seeds for Python, NumPy and PyTorch were used.



Table 3: Implementation details and hyperparameters.

Item Setting

Backbone MaxViT-Tiny (maxvit_tiny_tf_224.in1k), ImageNet-1k pretrained
Attention module CBAM on final feature map (reduction 16, 7 x 7 spatial kernel)
Classifier head Global average pooling, dropout 0.2, linear layer (8 classes)
Input size 224 x 224 (256 x 256 resize before crop)

Optimiser AdamW, Ir 2 x 10_4, weight decay 1074

Batch size/max 16 / 30

epochs

LR scheduler ReduceLROnPlateau on validation loss (factor 0.5, patience 3)
Early stopping Validation macro-F1, patience 8

Loss Class-weighted cross-entropy, label smoothing 0.05

Class balancing Random shuffle (imbalance ratio ~ 1.01 | 1.25)

Adversarial 5 epochs, Ir 5 x 107°, FGSM (e = 8/255), 0.5 clean + 0.5
fine-tuning adversarial loss

Seeds Training seeds 42, 43, 44; split seed 42

Hardware/software NVIDIA Tesla T4; Python 3.13, PyTorch 2.11, torchvision 0.26,
timm 1.0.30, scikit-learn 1.6.1

3.6 Adversarial fine-tuning

To improve robustness, the best clean checkpoint was fine-tuned for five epochs with
a mixed clean and adversarial objective (Eq. 6), where the adversarial images were
generated on the fly with an untargeted FGSM attack [35] (Eq. 7):

Lar =0.5Lce(fo(x),y) + 0.5 Ler(fo(Tady),y) (6)

Ladv = clip(x +e Sign(vx‘cCE(fG(x)7 y))) (7)

with e = 8/255 in pixel space (applied in normalized space) and clip(+) keeping the

image in the valid range. The learning rate was reduced to one quarter of the original

value (5 x 107°), and the checkpoint with the highest clean validation macro-F1 was
retained (Fig. 4).

3.7 Baseline models and comparison protocol

Five models were compared to the proposed model: ConvNeXt-Tiny [36] and a hybrid
model of ConvNeXt-Tiny [36] and Swin-Tiny [37], DenseNet121 [38], GhostNet-100
[39], and MobileNetV3-Large-100 [40]. For all models, the results were tested on the
same 600 test images, and the order of the images in the prediction files stored by
the models was found to be the same; they used three different seeds (42, 43, 44) for
training. The main comparison is given for seed 44; consistency across seeds is given
as mean = standard deviation. The same CBAM module is applied to the final feature
map as the proposed model for all the baselines; hence, this is a backbone compari-
son. The class-balancing was different for each model: ConvNeXt-Tiny, DenseNet121,
GhostNet, and MobileNetV3 used a weighted random sampler, while MaxViT-Tiny
and ConvNeXt-Tiny + Swin-Tiny hybrid used ordinary random shuffling.

10



3.8 Evaluation metrics

Performance was measured on the test set with the following metrics. Let TP, TN,
FP, and FN denote the one-vs-rest counts for each class, and let K = 8 be the number
of classes.

Accuracy is the fraction of correctly classified test images. The metrics are defined
as follows:

A TP+TN
T =
Y = TP Y TN+ FP+ FN’
TP TP
Precision = W7 Recall = m,
TN 2 Precision Recall
S .ﬁ .t el — Fl — = .
PEAY = N T FP SCOTC = P recision + Recall

Class-wise values are reported together with macro averages, computed as the
unweighted mean over classes, and weighted averages. For any metric M, the macro
average is:

1 K
Mmacro = E Z Mk‘-
k=1

1| X
Flmacro = K ;Flk (8)

Cohen’s kappa [41], reported as a supplementary measure of agreement.

Area under the ROC curve (AUC), computed one-vs-rest for each class and macro-
averaged.

Confusion matrix (raw counts and row-normalized) to analyze the errors between
classes.

Statistical significance: McNemar’s exact test [42] on the paired test predictions
of two models, using the discordant pairs, where b is the number of images classified
correctly only by the first model and c is the number classified correctly only by the
second (Eq. 9). Each comparison was performed separately per seed (five baselines
x three seeds = 15 tests), and two-sided exact p-values are reported. Bonferroni-
corrected thresholds are given both within a seed (0.05/5 = 0.01) and across all 15
comparisons (0.05/15 & 0.0033), and the Holm step-down procedure is used as a less
conservative check. Because the three seeds share the same split and test images,
the tests are not independent replications, and McNemar’s test addresses differences
between the trained models on this test set only, not the variability due to training
randomness or to a different patient sample.

min(b,c) b+te
b 1
p=min| 1, 2 E ( +C> (2> (9)
i
i=0

Computational cost: number of parameters, model size, multiply-accumulate oper-
ations (MACs) and FLOPs for one 224 x 224 image (thop), and the inference latency
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and throughput on the GPU for a single image (batch size 1) after 20 warm-up runs,
averaged over 100 runs.

3.9 Adversarial robustness and attack detection

Robustness was evaluated on the complete test set with white-box, untargeted attacks
against both the clean-trained and the adversarially fine-tuned checkpoint. FGSM
followed Eq. (7). PGD [43] iterates the signed-gradient step with step size a and
projects the result onto the e-ball Be(x) around the input (Eq. 10):

2t = g, ) (2" + o sign(VoLer(fo(zh), ) (10)
MI-FGSM [44] accumulates the Ll-normalised gradient with decay factor p (Eq.
11) and updates the image with the sign of the accumulated momentum (Eq. 12):

VeLcoe(fo(x),y)
||VI£CE(f9(x)7 y)Hl

" =Tlp () (2" + a sign(g"™)) (12)
The CW-L2 attack [45] minimises the perturbation norm plus a margin loss on the
logits Z, with confidence k (Eq. 13):

9t =gt +

(11)

méin |6||§+cmax<m£x2j(x+§) — Zy(x +9), —/s) (13)
i#y

FGSM, PGD, and MI-FGSM used € = 8/255 in normalised pixel space; PGD used
10 steps (o = 2/255) and a random start, while MI-FGSM used 10 steps (o = 2/255)
and p = 0.9 and was not used during fine-tuning. CW-L2 used 30 optimisation steps,
¢ =1, and kK = 0. We report the accuracy under attack (robust accuracy) and the
attack success rate (ASR), defined as the fraction of originally correct predictions that
were flipped by the attack (Eq. 14):

{i €8 fo(a3™) # yil|
S|
where S is the set of test images correctly classified before the attack.
As a preliminary defence, a logistic-regression attack detector was trained on four
statistics of the softmax output, computed from clean, FGSM, and PGD images drawn
from 50 validation images per class (Eq. 15):

ASR = |

(14)

s(z) = J(ngzS(z) + b) , o(x) = [m]?xpk, Py — P2), H(p), E(2)] (15)
where p is the softmax vector, p(1) and p

(2)areitstwolargestentries,zthelogits,andtheentropy Handenergyscore E[46]aregivenby Eq.(16):

K K
H(p) == prlogpe,  E(z) = —log (Z e%) (16)
k=1 k=1

An image was flagged as adversarial when s(x) exceeded a threshold 7, set to the
95th percentile of the scores of 80 clean validation images (10 per class), targeting a 5%
false-positive rate. The detector was evaluated on the clean and attacked test images.
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3.10 Explainability

The model decisions were examined using three post hoc methods: Grad-CAM++
[47] on the final convolutional layer, Score-CAM [48] on the previous higher-resolution
convolutional layer, and GradientSHAP [49] (Captum [50] zero and low-noise Gaussian
baselines, 20 samples, noise std dev 0.09). The first correctly classified test image was
visualised for each class, and the explanation was computed for the predicted class.
These maps are of a qualitative nature.

3.11 External validation dataset

To check the generalisation beyond Kvasir, the trained model was also tested with
an external dataset, GastroVision [51]. GastroVision is an open-access gastrointesti-
nal endoscopy data set containing 8,000 images of 27 classes, including anatomical
landmarks, pathological findings, polyp-removal cases, and normal cases. Images were
collected at Baerum Hospital (Norway) and Karolinska University Hospital (Sweden)
and labeled and reviewed by experienced endoscopists. The data were downloaded
from the Kaggle mirror “orvile/gastrovision-gastrointestinal-disease-detection” that
is hosted on the Open Science Framework (https://osf.io/84e7f/). No GastroVision
image was used for training, validation, hyperparameter selection, or checkpoint
selection, and the model was only trained on Kvasir.

The label sets for GastroVision and Kvasir are different. Only classes matching
clinically the same Kvasir label were kept, and matching was performed on GastroVi-
sion folder name (Table 11). There are seven different counterparts to the eight classes
of Kvasir. Those without a Kvasir equivalent class were not included (e.g., gastric
polyps, resected polyps, and mucosal inflammation of the large bowel), and ulcerative
colitis, which has none, was excluded. No re-check of mapping by a clinician.

All the selected files were subjected to hashing using SHA256 before the evaluation.
A single repeated image in the external data was removed (byte-identical), and no
external repeated image that was shared with Kvasir was found, resulting in 2,149
external images. Classes are imbalanced (819 vs 107). The data from Kvasir was
collected at Vestre Viken Health Trust, including Baerum Hospital [29], and no patient
identifiers are available for either of these. Therefore, near-duplicate frames or patient
overlap between Kvasir and GastroVision cannot be excluded, and the evaluation is a
cross-dataset test and not a fully independent multi-centre validation.

3.12 Preprocessing and protocol for the external evaluation

As with the Kvasir validation and test images (Section 3.3), the images from exter-
nal sources were preprocessed as follows: converted to RGB, resized to 256 x 256,
centre-cropped to 224 x 224, and normalised using the ImageNet means and stan-
dard deviations, but without augmentation. The seed-44 MaxViT-Tiny checkpoint
was used in inference mode, with no weights adjusted, with a batch size of 32, and
trained on Kvasir only. Since the model has eight outputs and the external data have
seven classes, the softmax probabilities p were renormalized over the set S of the seven
classes (Eq. 17), and all the metrics were computed on this seven-class problem, using
the predicted class as the arg-max of the renormalized probabilities:
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The more stringent eight-way arg-max was also assessed, where a prediction of
ulcerative colitis is considered an error. As in Section 3.8, accuracy, balanced accuracy,
macro precision and recall, macro AUC (one-vs-rest) and MCC [52] and Cohen’s kappa
and ECE [53] (15 bins) were calculated. 2,000 class-stratified bootstrap resamples were
used to find the 95% confidence interval for the macro Fl-score. The results on the

Kvasir test set were then compared with the external results in one table (Table 4).

4 Results and Discussion

4.1 Comparison with baseline models

Table 4 shows the comparison of the proposed MaxViT-Tiny with five baseline net-
works on the held-out test set (seed 44). MaxViT-Tiny exhibited the best results on
all metrics: an accuracy of 94.33%, a macro Fl-score of 0.9431, and a macro AUC
score of 0.9975. The nearest baseline was the hybrid ConvNeXt-Tiny + Swin-Tiny
(93.33%) with a difference of 1.00 percentage point. The other baselines (ConvNeXt-
Tiny, DenseNet121, GhostNet, and MobileNetV3) were 3.50 — 12.16 percentage points
lower than the proposed model. Macro-averaging is used to compute Precision, Recall,
and F'l-score for the eight classes.

Table 4: Performance comparison of the proposed MaxViT-Tiny model and baseline
models on the test set (seed 44).

Model Accuracy Precision Recall Fl-score Kappa AUC
(%)

MobileNetV3 82.17 0.8392 0.8217 0.8196 0.7962 0.9850

GhostNet 89.67 0.8980 0.8967 0.8959 0.8819 0.9938

ConvNeXt- 90.83 0.9085 0.9083 0.9082 0.8952 0.9937

Tiny

DenseNet121 90.83 0.9125 0.9083 0.9076 0.8952 0.9927

ConvNeXt- 93.33 0.9343 0.9333 0.9332 0.9238 0.9942

Tiny +

Swin-Tiny

MaxViT- 94.33 0.9459 0.9433 0.9431 0.9352 0.9975

Tiny

(Proposed)

4.2 Class-wise performance of the proposed model

The class-wise results of the proposed model are shown in Table 5. The AUC values
of normal-cecum, normal-pylorus, and ulcerative-colitis classes were almost perfect
(0.9934, 0.9868, and 0.9801, respectively), and each of these classes had an AUC value
of at least 0.9924. The weakest classes were esophagitis (F1 = 0.8777) and normal-
z-line (F1 = 0.8944). These two classes are mainly confused with each other: 14 of
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the 75 esophagitis images were predicted as normal-z-line, which lowered the recall
of esophagitis (0.8133) and the precision of normal-z-line (0.8372). Another source of
error was the group of “dyed” images, where two dyed-resection-margins images were
misclassified as “dyed-lifted-polyps” and vice versa.

Table 5: Class-wise results of the proposed MaxViT-Tiny (seed 44).

Class Precision Recall F1-score Specificity AUC Support
dyed-lifted-  0.8987 0.9467 0.9221 0.9848 0.9974 75
polyps

dyed- 0.9437 0.8933 0.9178 0.9924 0.9975 75
resection-

margins

esophagitis 0.9531 0.8133 0.8777 0.9943 0.9928 75
normal- 0.9868 1.0000 0.9934 0.9981 1.0000 75
cecum

normal- 0.9740 1.0000 0.9868 0.9962 1.0000 75
pylorus

normal-z- 0.8372 0.9600 0.8944 0.9733 0.9924 75
line

polyps 1.0000 0.9467 0.9726 1.0000 0.9998 75
ulcerative- 0.9737 0.9867 0.9801 0.9962 0.9998 75
colitis

Macro 0.9459 0.9433 0.9431 0.9919 0.9975 600
average

Specificity is computed one-vs-rest. Sensitivity equals recall and is therefore not
repeated.

4.3 Training behaviour

The following is the training of the proposed model (seed 44) as illustrated in Fig.
3. The training loss decreased from 0.93 to 0.31 within 11 epochs, while the training
accuracy increased from 74.6% to 98.7% and the validation loss stayed in the range
of 0.42 to 0.49 with the validation accuracy ranging between 92% and 95%. The best
validation macro-F1 score achieved (0.9533) was at the 3rd epoch, while early-stopping
training stopped at the 11th epoch. The difference between training and validation
accuracy suggests that there is some overfitting, which is to be expected since we are
just fine-tuning a pretrained transformer on ~2800 images only; it is for this reason
that the checkpoint was saved at the validation step and not at the training step. The
adversarial fine-tuning stage resulted in a very gradual decrease in the robust training
loss (as seen in Fig. 4) over the five epochs without any noticeable drop in the clean
validation loss (zoomed along the vertical axis in Fig. 4) on clean validation images.

4.4 Error analysis

Fig. 5 shows the confusion matrix of the proposed MaxViT-Tiny model, which is
row-normalized. The model was able to obtain a recall of at least 0.81 for each of
the eight classes and a mean per-class recall of 0.9433, which was a good recall for
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Model: maxvit_tiny_tf_224.inlk | Training balance: Random shuffle (classes approximately balanced)
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Fig. 3: Training and validation loss and accuracy of the proposed model (seed 44).
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Fig. 4: Adversarial fine-tuning: training loss, clean validation loss, and clean validation
macro-F1 per epoch.

all anatomical landmarks, pathological findings, and endoscopic procedures. Perfect
recall (1.00) was obtained for normal-cecum, normal-pylorus, ulcerative-colitis (0.99),
normal-z-line (0.96), and dyed-lifted-polyps (0.95). Misclassifications did not occur
at random but tended to be grouped in clinically and visually close pairs of classes.
Esophagitis had the lowest recall (0.81), with 19% of samples being classified as
normal-z-line, a figure that is likely explained by the similar appearance of the gastric
and oesophageal mucosa in most cases where early inflammatory changes may be sub-
tle at the gastroes,ophageal (GE) junction. Likewise, dyed-resection-margins (0.89)
and dyed-lifted-polyps (0.95) were confused in the two directions, with 11% and 5% of
the samples misassigned, respectively; this may be explained by the similar chromoen-
doscopic dye-staining properties. All other off-diagonal entries were no more than 0.04,
indicating that there was not much confusion between classes at the other locations.

One-vs-rest receiver operating characteristic (ROC) curves for each of the eight
classes are shown in Fig. 6. The discrimination performance of the model is very high,
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Confusion Matrix — Row-Normalized
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Fig. 5: Confusion matrix of the proposed model on the test set (seed 44).

with 0.992— 1.000 per-class AUC and 0.9975 macro-averaged AUC. Near-perfect sepa-
rability (AUCs > 0.9998) was achieved for normal-cecum, normal-pylorus, polyps, and
ulcerative-colitis, while dyed-lifted polyps and dyed-resection regions yielded AUCs of
0.9974 and 0.9975, respectively. The lowest values occurred for the classes esophagi-
tis (0.993) and normal-z-line (0.992), which are the two classes that were primarily
confused with each other, as shown in the mutual confusion pattern in Fig. 5. Of par-
ticular interest, all of the curves showed an abrupt ascent to the upper left corner,
with esophagitis having slightly better curves, and a true positive rate of greater than
0.9 at a false positive rate of less than 0.05 for most of the classes. These results sug-
gest that the final error is largely due to visually similar classes and due to the fact
that the model is not able to learn features that separate them, and not because of the
lack of features, as the threshold is set in the classification process and is dependent
on the classes.
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Fig. 6: One-vs-rest ROC curves of the proposed model (AUC in the legend).

4.5 Statistical significance analysis

McNemar’s exact test was performed on the paired predictions on the same 600 test
images for each of the three seeds (42, 43, and 44) to test whether the difference
between the proposed model and each baseline model is statistically significant. Table
6 includes the number of images for which only the proposed model was correct (b),
baseline only (c), and the two-sided p-value for each baseline.

18



Table 6: McNemar’s test: proposed MaxViT-Tiny versus baseline models for seeds
42, 43, and 44.

Baseline Seed 42: b p-value Seed 43: b p-value Seed 44: b p-value
/c /c /c

ConvNeXt- 23 /19 0.644 29 /9 0.0017** 31/ 10 0.0015**

Tiny

ConvNeXt- 18 / 20 0.871 21 / 12 0.163 18 /12 0.362

Tiny +

Swin-Tiny

DenseNet121 15 / 16 1.000 23 /11 0.058 33 /12 0.0025**

GhostNet 22 /14 0.243 28 / 10 0.0051** 38 /10 j0.001%**

MobileNetV3 74 / 16 j0.001%** 70 /17 j0.001*** 84 /11 j0.001%**

The proposed model showed a significant improvement in all three seeds (p j 0.001)
compared to MobileNetV3. In seeds 43 and 44, it was also significantly better than
ConvNeXt-Tiny (p = 0.0017 and 0.0015) and GhostNet (p = 0.0051 and p i 0.001),
and in seed 44, it was additionally better than DenseNet121 (p = 0.0025). All of
these differences are still significant at the per-seed Bonferroni criterion of 0.01. The
Bonferroni threshold is 0.05/15 ~ 0.0033, and all differences remain significant except
GhostNet in seed 43 (p = 0.0051); using the less conservative Holm procedure, all 8
significant differences remain. However, the significance was not the same for all the
seeds: in seed 42 only MobileNetV3 was significantly outperformed by the proposed
model, while there was no significant difference in the other models, namely ConvNeXt-
Tiny + Swin-Tiny (18 versus 20 discordant images) and DenseNet121 (15 versus 16).
No differences were significant against the hybrid in any seed (p > 0.163), and thus
this model can be considered statistically equivalent to the proposed model. Two
limitations apply. Because the two trained models are compared on a fixed 600-image
test set, McNemar’s test indicates whether the models are different or not on these
images, but not the amount of difference that can be attributed to randomness of
training or the difference in patient population. Also, all three seeds have the same
split and test images, and the three sets of tests are not independent replicates, and
therefore were not combined to form a single p-value. Results thus suggest a consistent
improvement over MobileNetV3 and a seed-dependent improvement over ConvNeXt-
Tiny, GhostNet and DenseNet121.

4.6 Consistency across seeds

The accuracy over the three seeds is summarized in Table 7. The proposed MaxViT-
Tiny model achieved the highest mean accuracy (93.72 £+ 1.06%) and mean F1-score
(0.9370 4+ 0.0108) among all the models, followed by the ConvNeXt-Tiny + Swin-Tiny
hybrid (93.00 £ 0.29%). The lower seed 42 (92.50%) compared to the other seeds 43
and 44 (94.33% in both seeds) is responsible for the larger standard deviation in the
proposed MaxViT-Tiny model.
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Table 7: Test accuracy (%) per seed and mean + standard deviation across seeds.

Model Seed 42 Seed 43 Seed 44 Acc. mean F1 mean +
+ SD (%) SD
ConvNeXt- 91.83 91.00 90.83 91.22 + 0.54 0.9120 +
Tiny 0.0054
ConvNeXt- 92.83 92.83 93.33 93.00 + 0.29  0.9298 +
Tiny + 0.0030
Swin-Tiny
DenseNet121  92.67 92.33 90.83 91.94 + 0.98 0.9189 +
0.0100
GhostNet 91.17 91.33 89.67 90.72 £ 0.92 0.9064 +
0.0092
MobileNetV3  82.83 85.50 82.17 83.50 + 1.76  0.8333 &+
0.0185
MaxViT- 92.50 94.33 94.33 93.72 £ 1.06  0.9370 +
Tiny 0.0108
(Proposed)

Standard deviation is the sample SD (n = 3 seeds).

4.7 Computational cost

The proposed MaxViT-Tiny model has 30.44 M parameters (all trainable), a size of
116.12 MB, and requires 5.33 G MACs (10.66 GFLOPs) for a 224 x 224 image (Table
8). On a Tesla T4 GPU, the inference latency was 32.59 ms per image (30.69 images per
second) at batch size 1, which is suitable for offline analysis, but it is not a lightweight
network compared with mobile architectures such as MobileNetV3 and GhostNet.

Table 8: Computational complexity of the proposed model.

Measure Value

Input size 224 x 224
Parameters 30.44 M / 30.44 M
(total/trainable)

Model size 116.12 MB

MACs 533 G

FLOPs 10.66 G

Inference latency 32.59 ms/image
(batch size 1)

Throughput 30.69 images/s
Device NVIDIA Tesla T4

4.8 Robustness to Adversarial Attacks

The results of the proposed MaxViT-Tiny model when subjected to adversarial attacks
are presented in Table 9. The series of attacks resulted in a major effect on both
checkpoints. The model trained with clean data achieved an accuracy of 94.33% against
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the Projected Gradient Descent (PGD) attack, 4.50% against the Carlini-Wagner
L2 (CW-L2) attack, and 1.17% against the Momentum Iterative Fast Gradient Sign
Method (MI-FGSM). According to the Fast Gradient Sign Method (FGSM), it could
achieve a solid accuracy of 67.17% on the model that is trained on clean data.

Using adversarial fine-tuning, the accuracy of the model under FGSM is improved
from 67.17% to 74.17%, and under CW-L2 is improved from 4.50% to 12.00%. Even
the accuracy of the model under PGD and MI-FGSM was not high, at 3.33% and
3.00%, respectively. These results suggest that a single-step attack can only provide
limited protection from stronger iterative attacks. The adversarial fine-tuned model
had a clean accuracy of 92.50%, while the clean-trained model had an accuracy of
94.33% in clean image classification, suggesting that the adversarial fine-tuned model
had a minor decline in its clean image classification performance.

Overall, the results show that while the proposed model is capable of performing
well on clean images, it is still susceptible to adversarial perturbations. Adversarial
fine-tuning with FGSM is proven to be effective in enhancing robustness against FGSM
and CW-L2 but fails to defend against PGD and the unseen attack (MI-FGSM). As a
consequence, the proposed model should not be considered to be adversarially robust
without exploring other more robust defence approaches, e.g., multi-step adversarial
training.

Table 9: Clean and adversarial accuracy on the test set (600 images).

Checkpoint Attack Clean Accuracy Robust ASR (%)
(%) Accuracy (%)

Clean-trained FGSM 94.33 67.17 28.80

Clean-trained PGD 94.33 0.33 99.65

Clean-trained CW-L2 94.33 4.50 95.23

Clean-trained MI-FGSM 94.33 1.17 98.76
(unseen)

Adversarially FGSM 92.50 74.17 20.00

fine-tuned

Adversarially PGD 92.50 3.33 96.40

fine-tuned

Adversarially CW-L2 92.50 12.00 87.03

fine-tuned

Adversarially MI-FGSM 92.50 3.00 96.76

fine-tuned (unseen)

4.9 Attack detection

The accuracy of the attack detector on the clean test images and the images generated
by the four attacks is 64.1% with an AUC of 0.857 (Table 10). After thresholding on
validation data, the false positive rate for clean test images was 4.3%, precision was
98.1%, and the success rate for attacked test images was only 56.2%. It could detect
PGD with 83.8%, MI-FGSM with 91.0%, and FGSM and CW-L2 with 26.5% and
23.8%, respectively. The detector is therefore a preliminary part of the defence only
and not necessarily a complete defence.
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Table 10: Performance of the attack detector on the test set.

Accuracy Precision Recall F1l-score AUC Balanced
acc.
0.6410 0.9811 0.5621 0.7147 0.8573 0.7594

4.10 Qualitative explanation

The one test image corresponding to each of the 8 classes that were correctly clas-
sified (with confidence of 0.854-0.980) is shown with the corresponding explanation
maps in Figure 7. The maps used in several classes are based on the lesion or on the
anatomical landmark. For dyed-resection margins, both Grad-CAM and Score-CAM
target the resection margin at the edge of the dyed area; in the case of normal-pylorus,
both target the pyloric opening; and for polyps, Score-CAM covers the polyp mass.
For esophagitis, Score-CAM concentrates on the mucosa next to the lumen, while the
Grad-CAM++ map is more scattered, with another peak to the left side of the image.
In the case of dyed-lifted polyps, Grad-CAM++ can segment the whole mucosal fold
and dyed area, whereas Score-CAM can segment poorly and sparsely. In other exam-
ples, however, the maps highlight non-anatomical areas: Grad-CAM++ highlights
the on-screen annotation box in normal-cecum and polyps, and the image border in
normal-z-line, as well as the time-stamp area in ulcerative-colitis, and Score-CAM also
weights text overlays in normal-z-line and ulcerative-colitis. This suggests the network
may use these image artefacts to a certain extent, which are present in some of the
Kvasir images. The graph does not indicate the number of times this occurs, and these
maps are only qualitative evidence, not clinical validation - only one picture per class
is displayed. GradientSHAP generated sparse pixel-level attributions which are harder
to understand visually.

4.11 External validation on GastroVision

Table 11 lists the seven GastroVision classes that were retained, the Kvasir classes
they were mapped to, and the number of external images per class.

Table 11: Class mapping between GastroVision and Kvasir and the number of exter-
nal images used per class.

GastroVision folder Kvasir class Images used
Cecum normal-cecum 113
Colon polyps polyps 819
Dyed-lifted-polyps dyed-lifted-polyps 141
Dyed-resection-margins dyed-resection-margins 246
Esophagitis esophagitis 107
Gastroesophageal_junction_normal z-line normal-z-line 330
Pylorus normal-pylorus 393
Total 7 classes 2,149

The results of the proposed MaxViT-Tiny model on the Kvasir test set (600 images,
eight classes) and the external set of GastroVision images (2,149 images, seven shared
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Fig. 7: Explanation maps (Grad-CAM++, Score-CAM, GradientSHAP) for one cor-

rectly classified test image of each of the eight classes (seed 44). For each row, the true
class, the predicted class, and the prediction confidence are given on the left.

GradientSHAP

classes) were compared in Table 12. On GastroVision, the model reached an accuracy
of 86.23%, a macro Fl-score of 0.8025 (95% CI 0.7832 to 0.8233), a Cohen’s kappa
of 0.8220, and a macro AUC of 0.9821, compared with 94.33%, 0.9431, 0.9352, and
0.9975 on Kvasir. The accuracy consequently dropped by 8.10 percentage points, the
macro Fl-score dropped by 14.06 percentage points, and the AUC dropped 0.0154
only. The two evaluations are not exactly like-for-like since the Kvasir test set has
eight balanced classes, while the external one has seven classes and is imbalanced. The
decrease in macro F1 score is more severe than in accuracy since the smaller external
classes are not identified to the same extent (Table 13). The highest accuracy, in the
eight-way evaluation, was 82.18%, and 5.30% of external images were classified as the
ulcerative-colitis class (which is not included in the external data).
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Table 12: Performance of the proposed model on the Kvasir test set and on the
external GastroVision dataset (seed 44).

Dataset Acc. (%) Precision  Recall F1-score Kappa AUC

Kvasir (test  94.33 0.9459 0.9433 0.9431 0.9352 0.9975
set; 600

images, 8

classes)

GastroVision 86.23 0.8213 0.7982 0.8025 0.8220 0.9821
(external,

2,149

images, 7

classes)

Difference —-8.10 —0.1246 —0.1451 —0.1406 —0.1132 —0.0154
(external —

Kvasir)

Precision, recall, and F1l-score are macro-averaged; macro recall equals balanced
accuracy. The Kvasir values are taken from Table 4. The GastroVision values are
computed over the seven shared classes with the softmax renormalised over these
classes (Eq. 17).

Table 13: Class-wise results of the proposed model on the GastroVision external set
(seed 44).

Class Support Precision Recall F1-score AUC
dyed-lifted- 141 0.7834 0.8723 0.8255 0.9852
polyps

dyed- 246 0.9372 0.9106 0.9237 0.9962
resection-

margins

esophagitis 107 0.4662 0.5794 0.5167 0.9622
normal- 113 0.9351 0.6372 0.7579 0.9766
cecum

normal- 393 0.9625 0.7837 0.8640 0.9892
pylorus

normal-z-line 330 0.7323 0.8455 0.7848 0.9754
polyps 819 0.9323 0.9585 0.9452 0.9900
Macro 2,149 0.8213 0.7982 0.8025 0.9821
average

The row-normalized confusion matrix of the proposed model is shown in Fig. 8.
Polyps (0.96), dyed-resection-margins (0.91), and dyed-lifted-polyps (0.87) were recog-
nised best. The same pair of classes that caused most errors on Kvasir (Section 4.4)
is the main problem on the external data as well: the weakest class was esophagitis
(Fl-score 0.517, precision 0.466), with 43 out of 107 images (40%) being predicted
as normal-z-line, and 50 out of 330 normal-z-line images (15%) being predicted as
esophagitis. The precision of normal-cecum (0.935) was high due to the low proportion
of false positives (30%, 34/113), while the recall (0.637) was low since 14% (56/393)
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Confusion Matrix — Row-Normalized

1.0
dyed-lifted-polyps 0.87 0.06 0.00 0.00 0.00 0.00 0.07
dyed-resection-margins ~ 0.09 0.91 0.00 0.00 0.00 0.00 0.00 0.8
esophagitis 0.00 0.00 0.00 0.02 0.40 0.00
& 0.6 ¢
© S
O normal-cecum  0.00  0.02  0.00 n 0.04 001 030 £
[ a
S o
= -04 &

normal-pylorus 0.00 0.00 0.04 0.00 0.78 0.14 0.03

normal-z-line 0.00 0.00 0.15 0.00 0.00 ﬂ 0.00 -0.2

polyps

°
°
N
°
°
-
°
°
°
°
°
-
°
°
=
°
°
©

-0.0

dyed-lifted-polyps
esophagitis
normal-cecum
normal-pylorus
normal-z-line

dyed-resection-margins

Predicted Class

Model: MaxViT-T + CBAM (proposed) | Seed: 44 | External dataset: GastroVision (2149 images, 7 shared classes)

Fig. 8: Row-normalized confusion matrix of the proposed model on the GastroVision
external set (seed 44, 2,149 images, 7 shared classes).
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Fig. 9: One-vs-rest ROC curves of the proposed model on the GastroVision external
set (AUC in the legend).

of the normal-pylorus were predicted as normal-z-line. ROC curves for all classes were
high (Fig. 9), with AUC between 0.962 and 0.996. This means that the ranking of the
classes is well-kept, and the decision boundaries learned on Kvasir do not fit the new
data as well, which was not tested here. The ECE on GastroVision was 0.039.

There are several limitations to this external evaluation. One training seed was
tested; external results may differ when using other seeds. Only 7 of 8 classes of Kvasir
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could be examined, and the class mapping was done based on the name of the folders; it
was assumed that ulcerative colitis was not included. The test is not completely source-
institution independent since both Kvasir and GastroVision were partially collected at
Baerum Hospital. Finally, the external classes are not well-balanced with the smallest
classes with 107 and 113 images respectively and class-wise scores are not certain.
The results show that the performance of the model on an independent test set is still
good, although the performance drops significantly, and does not in itself demonstrate
the robustness of the model across centres or devices.

5 Discussion

The proposed MaxViT-Tiny model outperformed all five baselines in terms of all the
metrics (94.33% accuracy, macro F1 of 0.9431, macro AUC of 0.9975) in the seed-
44 comparison, which validated the applicability of a hybrid convolution—transformer
backbone for endoscopic classification. It did not show a significant advantage in
any seed and was only 1.00 percentage point (pp) (or 6 images) better than its
best baseline, ConvNeXt-Tiny + Swin-Tiny hybrid, and was significantly better than
MobileNetV3 in all seeds but significantly better than ConvNeXt-Tiny, GhostNet, and
DenseNet121 in only some seeds. While duplicate files have been removed from all of
the models and each one was tested on the same test set, the accuracy is not as high as
that of previous studies on Kvasir variants and capsule-endoscopy datasets [5] (97%)
and [9] (99%) that often use random image-level partitions, which tend to overesti-
mate generalization [14]. In the case of errors, they occurred around a pair of visually
similar classes (esophagitis, normal-z-line), and some of them were due to threshold-
based decisions; per-class AUC values were at or above 0.992, indicating that the
classes are relatively distinguishable. More importantly, high clean accuracy was not
transferred to robustness, as the accuracy dropped to 0.33% under PGD, and single-
step adversarial fine-tuning only increased the accuracy against FGSM, and the initial
detector only identified 56.2% of attacked images, which means that the model cannot
be called robust unless multi-step adversarial training is adopted or stronger defence
strategies are introduced. Also, in some cases, network attention is on the annotation
boxes, borders, and time stamps, pointing to partial shortcut learning, which can also
hinder cross-dataset generalization [14]. The following limitations of the approaches
are important to take into consideration when interpreting these findings: White-box
attacks at the same perturbation size, same CBAM head for all models (can’t distin-
guish the effect of the attention mechanism alone), a small test set of 600 images and
a single public data set was used, and image-level split without patient identifier was
used. With a 30.44 M parameter count and 32.59 ms per image, the model can also
be used for offline analysis, but is not suitable for embedded applications.

6 Conclusion

The MaxViT-Tiny was proposed in this study to classify 8-class gastrointestinal endo-
scopic images based on a deduplicated Kvasir with a fixed stratified split with 3
different seeds. The mean accuracy was 93.72 4+ 1.06% across the seeds, and was sta-
tistically significantly greater than the MobileNetV3 model in all seeds and greater
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than the ConvNeXt-Tiny + GhostNet + DenseNet121 models in some seeds and sta-
tistically comparable to the ConvNeXt-Tiny + Swin-Tiny hybrid. Visually similar
pairs of classes tended to be grouped in the residual errors, especially esophagitis and
normal-z-line.

Results of the study showed that a high clean accuracy is not sufficient. Multi-step
attacks were very successful against the model, and single-step attacks (adversarial
fine-tuning) did not significantly reduce their attack rate: the pre-trained attack detec-
tor only succeeded in correctly identifying less than half of the attacked images, and
the explanation maps revealed that the model used artefacts in the images. It is there-
fore important to be aware that this is a research prototype and not a clinically ready
tool.

Future directions include (1) patient-level splits, cross-dataset testing and vali-
dation at multiple centres or in the prospective setting; (2) multi-step adversarial
training and more powerful detection or certified defenses; (3) removing image over-
lays and borders and quantitatively assessing explanations; (4) reducing the model size
for real-time and embedded usage; and (5) evaluating the backbones with and with-
out the attention module, repeated over several seeds with paired significance tests,
to quantify the contribution of CBAM.
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