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Abstract

Polyps one of the most frequently occurring lesions in the human gastrointestinal system
and play a critical role in colorectal cancer development, often serving as early indicators
or precursors of malignant transformation. Timely and early detection of polyps is criti-
cal for lowering the risk of colorectal cancer and increasing survival. Polyp segmentation
is crucial in improving computer-aided detection and diagnosis systems, which may sup-
port early intervention. CNN-based segmentation models often struggle to capture global
contextual information, leading to suboptimal performance. These limitations are further
amplified in endoscopic imaging scenarios, where variable resolution in colon capsule
endoscopies (CCE) and conventional colonoscopy images—introduces inconsistencies in
feature representation and contextual awareness. Therefore, we develop a comprehensive
TransFuseNet model that captures local and global receptive fields at the encoder and
decoder levels. The pixel-based confidence-weighted fusion combines features from two
models, which facilitates knowledge and domain shift features that allows segmentation of



low- and high-resolution images. We validated the model’s performance on seven diverse
optical colonoscopies, CCE, and synthetic datasets. Analysis reveals that our developed
model has yielded an intersection over the union of 84.67%, 89.05%, 88.91%, 89.46%,
89.58%, 82.07%, and 86.41% on the Kvasir, CVC-300, CVC-ColonDB, CVC-ClinicDB,
ETIS, CCE CareForColon2015 dataset, and Synthetic datasets, respectively. The external
validation also confirms the robustness and effectiveness of our developed model, provid-
ing a new pathway for polyp segmentation using optical colonoscopy and CCE images
with explainable characteristics and polyp pixel measurement. Thus, our proposed Trans-
FuseNet effectively handles both low- and high-resolution endoscopic images by fusing
local and global contextual features. This supports more reliable polyp segmentation across
diverse imaging conditions, enhancing diagnostic accuracy in clinical practice.

Keywords: Colon capsule endoscopy, colonoscopy, deep learning, vision transformer, pixel-based
confidence weighted fusion, semantic segmentation.

1 Introduction

Colorectal cancer (CRC) is one of the most frequently diagnosed types of cancer globally,
just after lung and breast cancers, with 1.93 million new cases and about 935,000 deaths in
2020 [1, 2]. The age-standardized incidence rate (ASR) of CRC is around 19.5 per 100,000
person-years. In Europe, CRC constitutes a major public health concern as it accounted for
approximately 362,000 new cases and 161,000 deaths in 2022, which was 13% of all new
cancers and 12% of deaths by cancers in Europe [3]. Europe possesses one of the highest
CRC incidence rates globally, with an ASR of 30.4 per 100,000 [4]. The EU region had a
standardized death rate for CRC of 27 per 100,000 inhabitants in 2021 [5]. Denmark has
some of the most advanced rates of CRC in Europe, with an ASR of 48.1 per 100,000 inhab-
itants in 2022, with Danish women having the highest CRC incidence in the EU at 95.7 per
100,000 inhabitants [6, 7]. Statistics from Denmark indicate the increasing trend for serrated
polyps, especially sessile serrated lesions (SSLs), has risen over the past two decades, with
more than a 100-fold increase in SSL incidence from 2006 to 2021, indicating more attention
toward early diagnosis and prevention [8]. Studies show that polyps contribute to around 95%
of the CRC cases, which progresses from mucosa to adenomatous polyps that later trans-
form to precancerous polyps followed by adenocarcinoma that finally results in a cancer [9].
Adenomatous and serrated colorectal polyps are types of polyps that can develop into CRC.
Studies show that adenomatous and hyperplastic polyps have global prevalence of 18.4% and
16.4% in autopsy series, respectively [10]. Colorectal polyps are usually found during the rou-
tine screening procedures, and one European study reported that among the patients who had
undergone colonoscopy, 76.99% had neoplastic polyps, out of which 44.31% had advanced
adenomas [11]. Figure 1 shows the progression of mucosa to CRC in four stages. Figure 1 also
indicates that the survival rate is greater than 90% if detected and treated at the early stage but
drops significantly to less than 5% in stage 4 [12, 13]. Therefore, regular screening for early
detection of polyps plays a key role in faster diagnosis and timely treatment. Colonoscopy,
considered as the gold standard for identifying colorectal polyps, uses an invasive technique,
where a camera-equipped flexible tube is inserted into the rectum and advanced through to
the colon, allowing direct visualization of the colon and rectum’s interior surfaces [14, 15].



Stages of colorectal
cancer

Fig. 1: Stages of CRC development from normal mucosa along with approximate survival
rate in different stages.

Colon capsule endoscopy (CCE), in contrast, is a non-invasive procedure, consisting of a
pill-sized capsule containing two cameras, light sources, and a transmitter [16, 17]. Opti-
cal colonoscopy and CCE have massive differences in camera type, lighting, cleansing, and
perspective. In both cases, experienced clinicians screen the images and diagnose polyps.
However, manually inspecting and segmenting polyps is time-consuming, labor-intensive,
and subject to human error due to hidden polyps or deficiencies in endoscopy equipment
[18, 19]. Accurate estimation of pixel length and the relative size of polyps in endoscopic
images is essential for malignancy risk assessment, given that polyp size is a well-established
indicator of colorectal cancer potential [20, 21]. About 25% to 30% of polyps can be missed
during colonoscopies, thereby increasing the risk of cancer [22-24]. As a result, there is an
urgent need for a computer-aided, automated, and accurate diagnostic and segmentation of
polyps using artificial intelligence (AI) techniques.

2 Literature survey

Over the years, researchers have developed various deep learning models based on convolu-
tional layers (CL) and transformer layers to segment polyps. Ronneberger et al. [25] designed
the U-Net model that uses an encoder and decoder composed of CL for segmentation. Patel
et al. [26] enhanced the U-Net architecture performance using a semantic feature enhance-
ment module and an adaptive global context module in the decoder for polyp extraction. Zhou
et al. [27] used enhanced skip connections techniques for feature fusion to obtain faster and
more accurate segmentation. Fang et al. [28] proposed a selective feature aggregation model
by embedding selective kernel modules into CL for polyp segmentation. Chen et al. [29]
implemented an adaptive segment anything model (SAM), which uses task-specific visual
prompts for effective segmentation. Zhang et al. [30] proposed an extension of SAM called
SAM-path, which uses cues for trainable class prompts and an additional encoder for domain-
specific information. Fang et al. [31] developed another variant of SAM called VP-SAM that
uses amplitude information of the Fourier spectrum and spatiotemporal side network for seg-
mentation purposes. Li et al. [32] proposed a fine-tuned transfer SAM called Polyp-SAM
that optimizes the prompt embedding strategies for polyp segmentation. Risab Biswas [33]
proposed a modification of Polyp-SAM called Polyp-SAM++, which is a text prompt-aided



SAM. Dong et al. [34] developed the SAM2 model that uses multi-plane feature aggregation
and cross-slice attention mechanisms along prompts for polyp segmentation. Bo et al. [35]
introduced a transformer-based polyp-PVT combining cascaded fusion, camouflage identifi-
cation, and similarity aggregation modules for polyp segmentation. Fan et al. [36] investigated
feature aggregation using a parallel partial decoder with guidance area and boundary cues
using reverse attention to develop the PraNet model. Jha et al. [37] proposed a ResUNet++
model leveraging atrous spatial pyramidal pooling along with residual, squeeze excitation,
and attention blocks for poly segmentation. The work proposed by Mahmud et al. [38] used
sequential depth dilated inception, deep fusion skip module, and deep reconstruction mod-
ule at the encoder and decoder to develop the PolypSegNet model. Kim et al. [39] modified
the PraNet model by aggregating the feature map with three area maps, namely parallel axial
attention encoder, parallel axial attention decoder, and uncertainty augmented context atten-
tion to obtain a UACANet model for polyp segmentation. Lin et al. [40] introduced a bit
slicing context attention mechanism to enhance boundary detail extraction in polyp segmen-
tation. It combines encoder—decoder modules to capture multi-scale contextual features and
suppress noise for polyp segmentation. Weng et al. [41] developed the INet model that used
fixed-sized feature maps, customized residual shortcuts, and a fusion of multilevel semantics
for medical image segmentation. Wang et al. [42] framed a DeepNeXt model that comprised
depthwise separable CL, multiscale attention feature encoding using deep strip convolution
and coordinate attention and jumping multistage feature fusion for polyp segmentation. Lee
et al. [43] proposed shallow and reverse attention-based dual attention modules for channel-
wise vectors for polyp segmentation. Wei et al. [44] coined a shallow attention network
combining color exchange and a probability correction strategy to balance biased predictions
to improve polyp segmentation. Xia et al. [45] utilized a pyramid vision transformer with
a parallel hierarchical aggregation decoder and feature fusion using a refinement pyramid
module. These features are combined with a reverse coordinate attention module for polyp
segmentation. Zhao et al. [46] developed a multi-scale subtraction network that utilizes sub-
traction units with varying receptive fields to obtain multi-scale difference information. Zhang
et al. [47] used cross-semantic attention, hybrid semantic complementarity, and multi-scale
prediction modules to capture long-range dependencies and local details for polyp segmenta-
tion. Tashk et al. [48] developed an AID-U-Net semantic segmentation model composed of
direct contracting, expansive paths, and distinguishing features having sub-contracting and
sub-expansive paths. Zhou et al. [49] proposed a feature aggregation and propagation model
that combines boundary guidance, cross-level fusion, and propagation modules to extract
boundary-enhanced features and feature fusion for polyp segmentation. Yin et al. [50] pre-
sented a model to capture image and cross-image contextual relations to improve contextual
region embedding within and across images. Zhou et al. [51] presented a cross-level fea-
ture fusion and boundary aggregated module to capture feature fusion at different scales to
deal with scale variations and the boundary context information for polyp segmentation. Pan
et al. [52] et al. introduced a multi-scale boundary prediction network for accurate polyp
segmentation, which combines boundary prediction modules, multi-scale attention, and a
shallow filtering module to refine polyp edges. Zhang et al. [53] developed a context-based
segmentation that uses an encoder and decoder block composed of local context and global
context modules to extract local and global context features and then aggregates with adaptive
selection modules. In another work, Zhang et al. proposed [54] implemented a self-attention



module to capture global attributes and a lesion-aware cross-attention module to improve fea-
ture contrast between polyp and background for automated polyp segmentation. Hu et al. [55]
developed an autoSAM model consisting of a transposed CL and a lightweight cross-attention
module for medical image segmentation. The literature review shows that most of the models
suffer from the following limitations:

* CNN-based architectures face challenges quantifying the disparate contributions of fea-
tures collected at various levels, frequently assigning equal significance to low-level and
high-level data despite their distinct semantic and spatial characteristics.

* Existing models generally lack an effective method for fusing multi-scale information,
leading to a sub-optimal fusion of intricate details and overarching context, which limits
the segmentation accuracy.

To overcome these challenges, we aim to develop an effective and robust model that

* uses a combination of CNN and transformer layer at encoder, which captures low-level,
high-resolution features from the input image to retain fine-grained spatial information.

* uses a transformer encoder to capture the long-range dependencies and global features,
which CNNs lack.

* uses a pixel-based weighted fusion strategy to adaptively fuse the predictions from differ-
ent models that facilitate knowledge transfer and domain shift, which applies to optical
colonoscopy and CCE images.

To summarize, the proposed TransFuseNet model is a modular fusion framework that inte-
grates the outputs of two independently trained segmentation models-one optimized for
optical colonoscopy and the other for CCE images. The pixel level confidence weighted
fusion allows adaptive prediction by assigning higher weight to the model that demon-
strates greater confidence, which effectively captures subtle changes in variable resolution.
Thus, the TransFuseNet model dynamically adapt to modality-specific strengths and weak-
nesses, improving polyp delineation performance across heterogeneous imaging conditions.
The paper is structured as: Section 3 presents Methodology, Results presented in Section 4,
Section 6 covers Discussion, and Section 7 concludes the paper.

3 Methodology

The schematic overview of the proposed TransFuseNet model is shown in Fig. 2. It combines
a fine-tuned Trans-UNet model with a pixel-based weighted fusion module to process high-
and low-resolution images for polyp segmentation.

3.1 Dataset

To validate the performance of our proposed model we used seven datasets from CCE,
colonoscopy, and synthetically generated images. Following subsections presents the details
of the datasets.

3.1.1 CCE dataset

The CCE CareForColon2015 (AICE) dataset is derived from with CCE recordings, contain-
ing at least one colorectal polyp of any size or morphology. This dataset originates from
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Fig. 2: Schematic representation of the proposed TransFuseNet model for CCE and
Colonoscopy images.

a new study designed in alignment with the protocols and methodologies of the “Danish
CareForColon2015 trial (cfc2015)," which began in 2021 as part of the national Danish
Colorectal Cancer Screening Program. As the largest randomized controlled trial on CCE
[56, 57]; this dataset is independently generated and follows the rigorous procedures and eth-
ical standards. Its primary objective is to assess differences in detected colorectal cancers and
intermediate- to high-risk adenomas between intervention and control cohorts. Secondary
objectives include analysis of patient acceptability, adverse events, completion and interval
CRC rates, patient-reported outcomes (PROs), long-term cancer incidence, socioeconomic
disparities, clinical applicability of CCE, and cost-effectiveness. The detailed dataset descrip-
tion can be found in [58, 59]. The detection of polyps was carried out as a part of a clinical
study in the screening population [48, 60]. The following manual segmentation of the polyps
was carried out by student workers and that was specifically used for Al training and valida-
tion purposes. Each image in the dataset had 576576 pixels. Since the originally annotated
image was composed to timestamp and device name, we have pre-processed and cropped the
original image to remove these timestamps and device name. Therefore, after pre-processing,
each image was resized to 512x512.



Table 1: Summary of different datasets used in our work.

Dataset AICE [48,60] | Kvasir [61] CVC300(62] | CVC-CoDB CVC-CDB ETIS [66,67] | Synth-Colon
19, 631 [64, 65] (68, 69]
Images 11,956 1000 60 379 612 196 20014
Image size | 512x512 720x576 1o 574500 574%500 288384 966x 1225 500%500
19201072
Training 9436 300 48 303 488 156 16010
Validation | 2520 200 12 76 124 40 4004
Type CCE Col Col " Col y Col Col ! yntheti
Modality RGB RGB RGB RGB RGB RGB RGB

3.1.2 Colonoscopy datasets

We used Kvasir-SEG, CVC-300, CVC-ColonDB (CVC-CoDB), CVC-ClinicDB (CVC-
CDB), and ETIS-Larib datasets, which are referred to as optical colonoscopy. The Kvasir-
SEG dataset consists of gastrointestinal polyp images of healthy and diseased tissues, which
have been verified and annotated by experienced gastroenterologist. The dataset is composed
of 1000 images having varying image dimensions and corresponding groundtruth (GT) [61].
The CVC-300 dataset has 60 high-resolution colonoscopy images for polyp segmentation,
with a pixel size of 500x574 [62]. Another publicly available dataset is CVC-ColonDB,
which is composed of 379 colonoscopy images with 500x574 pixels extracted from 15 dif-
ferent videos [9, 63]. CVC-ClinicDB dataset has a total of 612 images are extracted from 29
different colonoscopy videos, each having a pixel resolution of 288 x384 [64, 65]. Finally,
the ETIS-Larib dataset is composed of 196 high-resolution colonoscopy images, each with
966x 1225 pixels.

3.1.3 Synth-Colon dataset

Synth-Colon dataset is composed of more than 20,000 images, each having a size of 500x 500
pixels [68, 69]. Table 1 shows a detailed summary for each dataset.

3.2 Trans-UNet model

The Trans-UNet model encoder is derived from patch embedding and transformer layers,
while the decoder uses skip connections with convolutional blocks.

3.2.1 Transformer Encoder

The segmentation begins by partitioning an input image / into non-overlapping patches of
size p X p. Thus, the total number of patches N for an image with height 4 and width w is
given by % X %. Finally, these patches are flattened to obtain 2 using the projection matrix

& € RPPexd,
¥ =F()& (1)
where .% is the flattening function, ¢ are the number of channels, and the vectorized patches
Xp into a latent D-dimensional embedding space using a trainable linear projection. After this,
positional encoding is appended to maintain the spatial position using ppes € RIX¥7xd given
by [70]:
¥ = [x},éo;xf,zg’;...;)fgé‘)]—i—ppos )



where The transformer layer is composed of multiple (L) multihead self-attention (MSA) and
multilayer perceptron (MLP) layers having skip connections, which is given by [70]:

%/:MSA(Lnorm(%f])‘i‘%f] (3)
% = MLP(Loorm (2] ) + 2 “)

where Lo is a layer normalization, ff}’ is the output of /th layer of MSA, and 2 is the
output of /th transformer layer. The MSA is obtained by the following steps:

Q=2Wy, K=2Wx, V=2W (5)

Attention(Q,K,V) = ¢ <QKT> Vv (6)
= Va

MSA =0(s4,...,5,)Wo @)

where Wp, Wk, and Wy, are the learnable weight matrices for computing the queries (Q),
keys (K), and values (V), ¢ is the softmax function, ® is a concatenation block, .7 are the
attention heads, and Wy, is the output projection matrix obtained after the concatenation of all
the attention heads.

3.2.2 Trans-UNet decoder

The decoder of Trans-UNet follows a U-Net-like architecture, which upsamples the feature
maps and refines the upsampled features using skip connections.

Skip Connections The upsampled feature maps are concatenated with encoder feature
maps at each level of the decoder as shown in Fig 2. The mathematical formulation of
upsampled feature concatenation (/) is given by:

9; = O(%:,Er,) ®)

where Z; is the feature maps at ith decoder block and Ef is the feature maps from the ith
encoder block.

Upsampling and Convolution The upsampling of decoder features is implemented using
transposed convolutions and CL given by:

Z0=9¢(US(Z))) ©)

where ¢ is a convolutional function, US is upsampling, and % is the output of the decoder.
Final Output The Trans-UNet model computes the final segmentation % by using sigmoid
activation function given by:

Yo = (%) (10)

3.3 Pixel-wise Confidence-weighted Fusion

Ensemble-based model fusion is widely adopted for classification tasks to boost performance.
It uses the aggregation of the predictions yielded by multiple independent trained models,



either by using majority voting or uniform averaging. In object detection, non-maximum sup-
pression draws boxes around certain classes if the intersection-over-union (IoU) and overlap
exceed a predefined threshold. However, box-based fusion may not be effective for segmen-
tation tasks as it can discard valuable probabilistic confidence information due to a hard
threshold. Therefore, we used a pixel-based confidence weighted fusion (PBCWF) that cal-
culates the confidence scores from each model to construct a final averaged confidence score,
which is based on weighted-boxes fusion [71]. For N independently trained segmentation
models .#1,.#>,...,.#y, we obtain a probability map Z,,(x) € [0, 1]¥*W for an input image
x for each model .4, . For these predicted pixel probabilities, we define a confidence map for
each model, defined by:

Crn(ivj)zz"@m(i7j)_0'5‘ (IT)
The above formulation assigns higher confidence to 0 or 1, and lower confidence to pre-
dictions near 0.5, indicating the uncertainty. In the next step, we compute the normalized
confidence matrix using:

Cin(i,J)
Yl Celi j) + &
where € is a small constant to avoid division by zero. The fused probability map is obtained
by weighted average:

Win(i, J) = (12)

M
f@fused(i7j): Zwm(iaj)'ym(ivj) (13)
m=1

Finally, binary predictions are obtained by hard-threshold:

X 1 if Prugeali, j) > 7T
Z(i,j —{ fsea(d,) (14)

0 otherwise

where 7 is the threshold set to 0.5 in our case. To identify the most effective fusion, we sys-
tematically explored all possible combinations of models, evaluating Dice score for respective
dataset. Through this exhaustive evaluation, we adaptively selected the best-performing
fusion combination with a maximum Dice score. The final predictions are obtained using
pixel-wise weighted averaging of the probability maps from the selected models, with confi-
dence scores computed using proposed confidence map. This adaptive strategy ensures that
the fusion is data driven based on dataset characteristics, improving robustness and overall
performance.

4 Experimental settings

Before feeding the images to the Trans-UNet model, we pre-processed all the images from
each dataset using the same settings. We used a transformation strategy during the training,
where images were resized, flipped, rotated, scaled, and distorted. Images were resized to
256x256 with a horizontal and vertical flip. We used random rotation by 90° and shift scale
rotation with a shift limit of 0.0625, scale limit of 0.2, rotate limit of 20, and the probabil-
ity of applying a transform is set to 0.4. Additionally, we also applied optical distortion, hue
saturation, and random brightness contrast. It is noteworthy that all the parameters were set



empirically and kept the same for all the datasets. We used the ResNet-50 model as a back-
bone to create a feature map of local features and a vision transformer to extract evidence
for global reasoning. We used a ViT base model with 86M parameters as an encoder with a
patch size of 16x16. The number of skips is 3 and the number of heads is 4. The MLP has
3072 input units and one hidden layer with 768 units. For experimentation, we used a batch
size of 2. The used Adam optimizer using an initial learning rate of 1x10~%, a weight decay
of 1x107%, was ran over maximum 40 epochs with early stopping over 7 epochs, cosine
annealing warm restarts scheduler, and Dice binary cross-entropy loss.

5 Results

First, we started by selecting the best hyper-tuning parameters for the CCE AICE dataset.
Table 2 shows the performance obtained on the CCE AICE dataset with the Trans-UNet
model. As evident from Table 2, variation in the number of transformer layers and dropout
changes IOU and Dice score by 3% and 2%. As a result, we selected the parameters that
yielded the highest performance on our CCE AICE dataset. Therefore, further model sim-
ulations are carried out on other datasets using the same experimental setting as mentioned
earlier, but with the values of dropout and number of transformer layers as 0.2 and 8, respec-
tively. In the next phase, we evaluated the model’s performance on different datasets and

Table 2: Hypertuning of Trans-UNet model on

the AICE dataset.
AICE [ Dropout [ Layers [ 10U (%) | Dice (%)
Dropout 0 8 80.67 87.26

Dropout 0.3 12 80.97 88.48

Dropout 0.4 8 79.24 86.54

Dropout 0.1 12 81.22 88.61

Dropout 0.2 12 81.44 89.09

Dropout 0.2 8 82.07 89.29

computed the accuracy (ACC), Dice score, IoU, precision (PRC), and recall parameters.
Table 3 summarizes the performance report of the Trans-UNet model on Synth-colon, Kvasir,
ETIS, CVC-300, CVC-CoDB, CVC-CDB, and CCE AICE datasets. As shown in Table 3, the
Trans-UNet model maintains high performance in all the performance matrices. The high-
est performance is obtained for the Synth-Colon dataset. The Kvasir dataset has yielded the
highest performance for optical colonoscopy image-based datasets, while for the CCE AICE
dataset, the values of accuracy, IoU, Dice, precision, and recall are 98.22%, 82.07%, 89.29%,
89.91%, and 88.68%, respectively. The performance report demonstrates the model’s ability
to extract the polyp region accurately. Also, the consistency in the model’s performance across
various datasets highlights its ability to adapt to various domains. To further validate the effec-
tive of Trans-UNet model, we conducted five independent runs using the same experimental
protocol to report mean (1) and standard deviation (STD). The results indicate that the model
achieves consistent performance across all datasets, with relatively low standard deviation
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values. On the Kvasir dataset, the model obtained an IoU of 87.11+£1.08 and Dice score of
92.88+0.67, demonstrating stable segmentation performance. Similarly, on the CVC-CoDB
and CVC-CDB datasets, the IoU values of 86.41£1.21 and 85.9611.56, respectively, indi-
cate limited variation across runs. For the ETIS and AICE datasets, the model also maintains
stable performance, achieving IoU scores of 82.4541.59 and 81.76+0.74, respectively, with
corresponding Dice scores of 89.63+1.10 and 88.554-0.54. These results further confirm the
robustness of the model across challenging and diverse data distributions. Although slightly
higher variance is observed in certain cases, such as the CVC-300 dataset with an IoU of
82.18+£3.46, the overall performance remains consistent without significant variations. Addi-
tionally, Synth-Colon dataset exhibit extremely low variance, which confirms the reliability
of the model. Overall, the low STD values across all datasets demonstrate that the observed
performance improvements are not due to random fluctuations, but instead reflect the stabil-
ity and generalization capability of the model. Fig. 3 shows the exemplary comparison of true
masks (second column) and the predicted masks (third column) from the Trans-UNet model.
The proposed model can effectively detect the smaller and larger polyps from the images with
high accuracy. However, it is also seen from Fig. 3 that the Trans-UNet model sometimes
predicts false polyps as highlighted with the yellow region. The error comparison in Fig. 3
shows that our proposed model extracts the polyps in a fine manner with little error around
the boundaries, as shown in the fourth column. The error also increases when the model fails
to predict the larger polyps, as shown in the figure from the Kvasir dataset example. Overall,
our model provides accurate segmentation of smaller, larger, and multiple polyps with sig-
nificantly low errors. In addition to the error, we evaluated the relative size of the predicted
regions. The fifth column in Fig. 3 presents the estimate of pixel length and relative polyp
size derived by drawing a contour with yellow boundaries. We cannot calculate the exact size
of polyps because of the unavailability of information on pixel width in the datasets. To cal-
culate the relative size, we first drew the contour around the predicted mask. In the next step,
we found out the maximum distance across the mask and divided it by the diagonal length of
the mask.

Table 3: Performance (%) obtained on vari-
ous datasets using the fine-tuned Trans-UNet
model.

Datasets \ ACC \ ToU \ Dice \ PRC \Recan

Synth-Colon | 99.85 | 98.6 |99.29|98.72 | 99.88
Kvasir 96.36 | 87.78 | 93.3 |92.66 | 93.97
ETIS 97.45|83.66 | 90.5 | 89.26 | 91.84

CVC-300 |99.05|82.3889.41|84.29 | 96.48

CVC-CoDB | 98.52| 85.5 |91.65]91.85| 91.45

CVC-CDB |97.47| 86.2 |92.21 |93.68 | 90.86
AICE 98.22 | 82.07 | 89.29 | 89.91 | 88.68
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Table 4: Performance (%) obtained on various datasets by from multiple runs using Trans-

UNet model.
ACC IoU DICE PRC Recall

Datasets wtSTD | pu+STD | u+STD | pu+STD | u+STD
Kvasir 96.21 +0.31 | 87.11 & 1.08 | 92.88 + 0.67 | 93.54 + 0.58 | 92.3 + 1.24
CVC-300 |99.07 £0.27 | 82.18 +-3.46 | 89.17 £ 2.52 | 85.72 + 3.77 | 93.67 £ 1.53
CVC-CoDB |98.62 +0.11 | 86.41 £ 1.21 |92.24 +0.79 [ 92.12 £ 0.46 | 92.42 & 1.79
CVC-CDB |97.28 +£0.35(85.96 &+ 1.56 (92.05 +0.99 | 91.28 + 1.3 |92.93 + 1.53
ETIS 9743 +0.28 8245+ 1.59| 89.63 + 1.1 |{91.74 £ 1.97| 87.89 £ 1.9
AICE 98.19 + 0.06 | 81.76 + 0.74 | 88.55 +0.54 | 91.5 +0.78 | 86.07 &+ 1.27
Synth-Colon | 99.34 4+ 0.02 | 98.01 & 0.13 | 98.75 £ 0.07 | 98.17 £ 0.08 | 99.34 £ 0.06

Table 5: ToU obtained from external validation of the proposed Trans-UNet model.

|CVC-300| CVC-CDB | CVC-CoDB | Kvasir | AICE| ETIS | Synth-Colon

CVC-300 - 84.96 90.71 85.19 | 83.85|84.22 47.01
CVC-CDB | 64.14 - 72.79 76.44 | 74.85|74.26 48.7
CVC-CoDB | 76.78 87.55 - 73.34 | 75.07 | 79.88 44.95
Kvasir 65.14 72.61 73.19 - 171.05(74.45 50.49
AICE 57.25 62.49 60.05 56.14 | - |56.17 51.07
ETIS 71.11 75.23 73.89 74.86 [76.07 | - 52.34
Synth-Colon| 81.8 83.67 79.36 80.74 |80.15|80.91 -

As a next evaluation strategy, we externally validated the model trained on one dataset
on other datasets. Table 5 presents the summary of external validation performance. The first
column indicates the name of a dataset on which we validated other trained models, while
columns 2-8 indicate the names of the models trained on respective datasets. It is noteworthy
that we used the entire datasets for external validation, as the trained model on one dataset
has never seen images from other datasets. It is evident from Table 5 that the model trained
on optical colonoscopy images performed well when validated on other optical colonoscopy-
based image datasets. The comparison report shows that the model trained on the synthetic
Synth-Colon fails significantly to cope with its performance when validated on real-world
optical colonoscopy-based image datasets and the AICE CCE dataset. The Synth-Colon data
has advantages in terms of geometric ground truth information, but seemingly falls short
in producing realistic imagery, missing relevant information which allows transfer to real-
world data sets. This results in a performance drop due to its ability to adapt to the changes
in real-world colonoscopy images. However, when models trained on other datasets were
validated on the Synth-Colon dataset, they obtained decent performance in terms of all the
evaluation matrices. Similarly, when a trained model on one of the optical colonoscopy-
based image datasets is validated on other optical colonoscopy-based image datasets, the
performance report drops little but without significant degradation. It is noteworthy that the
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Fig. 3: Exemplary comparison of true mask, predicted mask, and error (ERR) obtained by
taking a difference between true and predicted mask from the proposed Trans-UNet model.

Table 6: Performance (%) obtained on various datasets by our
TransFuseNet model.

Datasets ‘ ACC ‘ TIoU ‘ Dice ‘ PRC ‘Recall ‘ TT (s) ‘ ATI(s)

Kvasir 95.46|84.67|90.7395.62 | 87.31 | 2.56 | 0.022
CVC-300 [99.52|89.05|93.89|93.16| 94.64 | 0.4 | 0.023
CVC-CoDB |98.94|88.91|93.83|95.77| 92.06 | 1.72 | 0.023
CVC-CDB |98.07 | 89.46 | 94.22|94.51 | 93.94 | 3.48 | 0.028

ETIS 98.57|89.5894.27(96.34| 924 | 1.53 | 0.022

AICE 98.22|82.07{89.29 | 89.91 | 88.68 | 38.82 | 0.015
Synth-Colon | 98.41 | 86.41 | 92.27 | 93.91 | 90.77 | 93.5 | 0.023

TT: Total time; ATI: Avg Time/Image
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model trained on the CCE AICE dataset shows little degradation in performance reports but
maintains uniformity in its performance when validated on optical colonoscopy-based image
datasets. However, the models trained on optical colonoscopy-based image datasets fail to
maintain their performance when validated on the CCE AICE dataset. The performance drop
observed when applying optical colonoscopy-trained models to CCE data highlights a per-
sistent and clinically significant challenge in medical image analysis namely, domain shift
between imaging modalities. Although both optical colonoscopy and CCE aim to observe the
gastrointestinal system, they differ significantly in terms of image acquisition settings such
as resolution, illumination, viewing angles, field of view, color consistency, and the degree
of bowel preparation. Optical colonoscopy often benefits from light control, increased spa-
tial resolution, and active scope mobility, which results in sharper anatomical boundaries and
greater textural depth. In contrast, CCE images are collected passively, typically under inad-
equate illumination and with minimal control over motion, orientation, or bowel cleaning,
resulting in reduced contrast, fluctuating lighting aberrations, and motion blur. These intrin-
sic discrepancies have a major impact on the feature distributions acquired by deep learning
models, explaining the poor cross-domain generalizability of CE-trained networks to CCE
data. This lack of knowledge transfer and domain adaptation from optical colonoscopy to
CCE limits the model’s generalizability. Therefore, we aim to combine the trained model to
facilitate effective learning, domain shift, and knowledge transfer when applied to either opti-
cal colonoscopy, CCE, or synthetic images, respectively. For this, we tested the developed
TransFuseNet model that fuses the weights from different models to provide effective and
accurate polyp segmentation. Table 6 indicates the performance report on various datasets
using the TransFuseNet model. It is noteworthy that while validating the performance of the
TransFuseNet model, we only used the validation set of different datasets. The rationale for
selecting the validation folders for performance evaluation is due to the exposure of images
from the train folder during training, which can cause data leakage to provide biased deci-
sions. We fused all the models to obtain the overall effective model. However, we aim to
develop a model that yields overall improvement across other datasets. Therefore, we started
our simulation to validate the performance of all the datasets. The fusion strategy follows
the adaptive model selection framework described earlier, where the best-performing combi-
nation is selected based on Dice score and integrated using pixel-wise confidence-weighted
averaging. The performance report in Table 6 shows that post-fusion improves model perfor-
mance and yields higher evaluation metrics across multiple datasets. The summary indicates
that the TransFuseNet model achieved strong performance on the CVC-300, CVC-CoDB,
CVC-CDB, and ETIS datasets, with IoU values of 89.05%, 88.91%, 89.46%, and 89.58%,
respectively, and corresponding Dice scores exceeding 93%. In comparison to individual
models, the analysis reflects consistent improvements in IoU of approximately 7%, 4%, 3%,
and 6% on the CVC-300, CVC-CoDB, CVC-CDB, and ETIS datasets, respectively. How-
ever, a slight degradation in performance is observed for the Kvasir and Synth-Colon datasets,
where IoU values are 84.67% and 86.41%, respectively. This variation can be attributed to
dataset-specific characteristics and domain differences, which influence the adaptive fusion
process. In terms of computational performance, the model shows efficient inference with
an average time per image ranging from 0.015s to 0.028s, corresponding to an average pro-
cessing speed of approximately 46 frame per second (FPS) across all datasets. This satisfies
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real-time requirements for clinical applications, as typical endoscopic video streams oper-
ate > 30 FPS [72]. Therefore, the proposed model is capable of processing frames at or
above clinical video rates, making it suitable for real-time polyp segmentation in practical
deployment scenarios.

6 Discussion

Table 7: Performance comparison (%) of the proposed TransFuseNet model with state-of-

the-art techniques.

Dataset CVC-CDB| Kbvasir |CVC-CoDB ETIS CVC-300 AICE
Model Dice IoU | Dice IoU |Dice IoU |Dice IoU |Dice IoU |Dice IoU
UNet [25] 823 755 |81.8 74.6|504 43.6 398 335|710 62.7 |81.19 68.34
UNet++ [27] 79.4 729 |82.1 744|482 40.8 | 40.1 344 |70.7 62.4 |87.64 78.0
SFA [28] 70.0 60.7 | 72.3 61.1 | 45.6 33.7 |29.7 21.7 |46.7 329 | - -
PraNet [36] 89.9 849 (89.8 84.0|709 64.0|628 56.7|87.1 79.7| - -
ACSNet [53] 88.2 82.6(89.8 838 |71.6 649 |57.8 509 |86.3 78.7 |84.95 77.87
DCRNet [50] 86.9 80.0 904 844 |66.1 576|509 432|753 67.0| - -
SANet [34] 91.6 859|904 847|752 669 |750 654|888 815| - -
MSNet [46] 91.8 86.9 [90.5 849|747 66.8 |72.0 650|862 796 | - -
UACANet [39] | 91.6 87.0|90.5 852|783 704|694 615|902 83.7| - -
LDNet [54] 88.1 82.5|88.7 821|794 715|778 70.7|89.3 82.6| - -
SAM-Adapter [29] | 77.4 67.3 | 84.7 763 | 67.1 56.8 |59.0 47.6|815 725| - -
AutoSAM [55] | 75.1 642|784 675|535 418|402 308|829 739 | - -
SAMPath [30] 75.0 644|828 73.0|63.2 51.6 555 442|844 756 | - -
PolypSAM [32] | 91.7 87.4|90.1 86.4 | 889 838929 889|903 852 | - -
Polyp-SAM++ [33]] 91.0 86.0 | 90.0 86.0 | - - - - 173.0 69.0| - -
AID-U-Net [48] [74.08 58.83| — - - - - - - — 188.12 78.76
TransFuseNet [94.22 89.46(90.73 84.67|93.83 88.91 |94.27 89.58|93.89 89.05|89.29 82.07

We compared the performance of the developed TransFuseNet model with state-of-the-
art techniques on different datasets. Table 7 summarizes performance with the state-of-the-art
on the Kvasir, CVC-ColonDB, CVC-300, CVC-ClinicDB, ETIS, and CCE AICE datasets.
The comparison report shows that our developed framework has surpassed the performance
of the benchmark models on the CVC-ClinicDB, CVC-ColonDB, CVC-300, and CCE AICE
datasets. However, for the Kvasir and ETIS datasets, the value obtained for the Dice score
using our proposed model is the highest compared to other models, while values of IoU are
the second best after PolypSAM [32]. Therefore, our developed TransFuseNet model cap-
tures subtle changes within the image, resulting in a higher IoU score of about 2% to 6%
compared to the state-of-the-art on various datasets, thereby our TransFuseNet model outper-
forms the state-of-the-art. Finally, we plotted the prediction made by the TransFuseNet model
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Fig. 4: Exemplary comparison of true and predicted mask along with confidence matrix
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as shown in Fig. 4. As shown in Fig. 4, the predictions yielded by the model are close to
the GT, making our model effective and accurate. The error matrix shows that the proposed
model effectively predicts smaller, larger, medium, and multiple polyps. However, the model
captures extra details as false polyps, resulting in higher errors. We also plotted the confidence
maps indicating the normalized confidence score obtained from the predicted masks. The yel-
low region in the images of the fifth column denotes the predictions with high confidence,
whereas the purple color indicates the low-confidence regions. Typically, the model pre-
sented low confidence in detecting the boundaries of polyps. The green portion in the image
indicates a region where the model has uncertainty. This shows a region where the model
provides predictions close to the threshold. Our developed model mainly outperforms CNN-
based segmentation models as it captures local features using CNN and transformer layers to
capture global context and long-range dependencies. Additionally, the PBCWF method adap-
tively fuses predictions based on pixel-level certainty, hence improving boundary accuracy
and overall resilience. Therefore, our developed model provides a multi-dimensional frame-
work that provides accurate and effective segmentation with high-performance measures,
with error measurement, external validation, pixel detection with relative polyp size detection,
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and confidence in its prediction, making our model robust, effective, and explainable. Impor-
tantly, we evaluated the model using real-world endoscopic images, proving its suitability
for the data commonly used in clinical practice. While this work focuses on methodological
advancement, the methodology might aid in real-time clinical decision-making by offering
more consistent and precise polyp delineation. Our model, with a total size of approximately
293 MB, ~50 GFLOPS, ~77 million parameters, and an average processing speed of approx-
imately 46 FPS, the proposed solution remains deployable on standard clinical-grade GPUs.
Further compression or pruning strategies could support lightweight deployment in capsule
endoscopy review systems where hardware resources are constrained. Finally, validation in
prospective or intra-procedural condition is required to determine its significance in typical
diagnostic processes.

7 Conclusion

The research demonstrates a promising segmentation framework for polyps’ detection using
both optical colonoscopy and CCE images. Our developed TransFuseNet model captures
subtle variations within the images by extracting local receptive and global receptive fields,
capturing fine-grained spatial and long-range dependencies. Additionally, fusion refines the
final predictions by adaptively emphasizing more reliable outputs at each pixel, leading to
sharper boundaries and greater robustness in challenging or ambiguous regions. The metic-
ulous combination of encoder, decoder, and fusion resulted in a robust knowledge transfer
and domain shift to detect and capture subtle changes in high-resolution optical colonoscopy
and low-resolution CCE images. The proposed model achieves efficient inference with real-
time processing capability (approximately 46 FPS), making it suitable for practical clinical
deployment. Our multi-characteristics and multi-dimensional framework provide accurate
segmentation with high values of performance matrices, pixel size detection, and confidence
evaluation. This method is especially useful in clinical contexts where picture quality, resolu-
tion, and visual features vary dramatically between modalities, resulting in more robust and
generalizable segmentation for real-world endoscopic applications.
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