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Abstract

Colonoscopy is recognized as a primary stan-
dard for detecting colorectal cancer and its
precursory symptoms. With hardware devel-
opment in recent years, contemporary meth-
ods using deep learning models have already
gained great progress, but holding limitations
of relatively high miss rates of abnormali-
ties. Some current models are also highly
biased toward local features and fail to de-
tect the global aspects of their input. In this
case, we proposed GloFF-Net, a convolutional
neural network architecture. Our model ex-
ploits an encoder-decoder structure converg-
ing with custom attention mechanisms that
fuse global features and local features. We
have preformed excellent results and validated
the improvements using several publicly at-
tainable benchmark datasets. Furthermore,
we compare our model with other state-of-the-
art methods. Our approach indicates strong
abilities of generalization, accomplishing great
performance under limited training data.
Index Terms: Colonoscopy, Polyp Segmenta-
tion, Convolutional Neural Network, medical
imaging.

1 Introduction

Cancer has become a significant health problem
contemporarily, and within it, colorectal cancer-
namely CRC-is one of the most prevailing cancers
based on mortality globally and cancer incidence [1]:
it is the second largest cause of cancer deaths that led
to about 156,000 deaths in 27 EU nations overall in
2020 in Europe [2] and ranked the third for the cause
of cancer deaths with 52,500 deaths predicted in the
United States in 2022 [3]. Most CRCs are evolved
from colorectal polyps, resulting in the importance of
their early detection and removal for CRC diagnosis
and treatment [4]. One colorectal polyp’s attributes

Figure 1: Sample images demonstrating the varia-
tions in polyps from the Kvasir-SEG [6].

and structure varies over time at distinct stages of
florishment. These polyps might have different con-
figurations, volumes, colors and visuals, making them
difficult to discover (see 1. In this case, colonoscopy
became a primary method for detecting polyps before
they further develop [5].

While successfully alleviating cancer burden with
colonoscopy, around a quarter of all polyps, specif-
ically 22 to 28 percent of polyps and 20 to 24 per-
cent of adenomas are missed [7, 8]. One reason is
that polyps that are too small are most likely to be
missed [9]. Another element that might raise the risk
of polyp-missing is the discovering of more than two
polyps during colonoscopy [7]. The adenoma miss
rate could therefore be decreased through six-minute
or nine-minute withdrawal time [10]. More impor-
tantly, by evaluation enhancing polyp detection rates
by 1% decreases the risk of CRC by about 3%, making
it essential to improve polyp detectability [11].

In summary, our main contributions are as follows:

1) We propose a new encoder-decoder architecture
that utilizes global features through attention
mechasims to guide the process of decoding.

2) We combines global feature and local features so
as to bridge the semantic gap between the en-
coder and the decoder.

3) We validate the proposed architecture on several



benchmark datasets e.g. Kvasir-SEG [6]. What’s
more, we have contrasted our work with other
works, which is usually absent in similar studies.

2 Related Work

We seperate the ralated work into two parts, i.e.,
convolutional neural network and medical image seg-
mentation.

2.1 Convolutional Neural Network

In recent years, machine learning algorithms, es-
pecially convolutional neural networks (CNNs) have
developed quickly and demonstrated excellent results.
They have driven remarkable advancements in tasks
such as object detection and localization [12] and ob-
ject classification [13]. Semantic segmentation tasks
have also been transformed by CNNs. Currently,
most modern CNN-based semantic segmentation ar-
chitectures are based on either Fully Convolutional
Network [14] or an encoder-decoder architecture such
as U-Net [15]. FCN was upgraded by proposing a
novel architectture named SegNet [16], which includes
a 13-layer network that take obtain spatial features
from the images with a corresponding 13-layer net-
work that upsamples the feature maps to predict
segmentation masks. Exploiting atrous convolutions
that enable a dilated field of view and multi-scale
feature extraction, enhancing the capability of cap-
turing long-range contextual dependencies, DeepLab
[17] and its extended version DeepLabV3+ [18] were
proposed.

Despite making a breakthrough in computer vision
tasks, CNN architectures shared the drawback of re-
quiring vast amount of training data. Nonetheless,
CNNs remained great performance in medical image
segmentation in recent years, with much of the credit
attributed to U-Net [15]. In U-Net++ [19], a nested
ensemble of U-Nets with different depths and the in-
corporation of deep supervision are employed. Mul-
tiResUnet [20] is presented with the proposed Mul-
tiRes blocks to augment U-Net with the capacity of
multi-resolutional analysis. ResUNet [21], which in-
tegrates residual blocks to improve location accuracy
for polyps, can harness the strong expressive capa-
bilities of these blocks but may demand more data
and computational resources to accomplish optimal
performance.

2.2 Medical Image Segmentation

Medical image segmentation plays a crucial role
in pre-treatment diagnoses, treatment planning, and

post-treatment assessments for various kinds of dis-
eases, which is typically framed as a dense prediction
problem, involving pixel-wise classification to gener-
ate segmentation maps of lesions or organs. CNNs
have already been employed for medical image seg-
mentation tasks widely [15, 19, 20, 22, 23, 24, 25]. To
be specific, U-Net [15] has demonstrated outstanding
performance in medical image segmentation by pro-
ducing high-resolution segmentation maps that aggre-
gate multi-stage features through the utilization of
skip connections. Its variants such as UNet++ [19],
MultiResUnet [20], UNet 3+ [22], DC-UNet [23] illus-
trated better performance in medical image segmen-
tation as well. In spite of the impressive performance
of such CNN-based architectures, they face limita-
tions in taking in long-range dependencies among pix-
els under the spatial constraints of the convolution op-
eration [26]. To approach this, some models such as
Pranet [24] and Attention U-Net [25]-integrating at-
tention modules into their architectures and therefore
enhancing the feature maps for improved pixel-level
classification in medical images-are proposed.

Simultaneously, transformer-based architectures
have also been popular recently for medical image seg-
mentation. As debut for sequence-to-sequence predic-
tion in natural language processing (NLP), transform-
ers [27] rely on an attention-based network structure,
in which using self-attention to study correlations
among all the input tokens, enabling the model to
effectively capture dependencies over long distances.
Later following the former success of transformers in
NLP, the vision transformer (ViT) [28] segments an
image into non-overlapping patches, which are then
put into the transformer module along with posi-
tional embeddings. Nevertheless, their ability to cap-
ture local contextual relationships between pixels is
restricted by the self-attention mechanism in trans-
formers [29].

Overall, considering CNN'’s efficiency with smaller
datasets and great performance for localized feature
extraction compared to transformers, we exploited a
U-Net-based architecture that incorporates attention
modules.

3 Methodology

3.1 Overview

Based on the encoder-decoder architecture, this pa-
per proposes a deep network framework for colorectal
cancer segmentation that leverages global-local fea-
ture collaborative learning. The proposed method in-
tegrates features of different granularities from the en-
coding stage to generate global features, which guide
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Figure 2: GLoFF-Net Architecture

the learning process in the decoding stage. Addition-
ally, it incorporates an attention mechanism to effec-
tively fuse global and local features, thereby comple-
menting each other and enhancing the model’s per-
ception and recognition capabilities for various le-
sions. The overall architecture diagram is shown in
Figure 2.

3.2 Initial Feature Extractor

As illustrated in Figure 2, our architecture utilizes
an encoder-decoder architecture with a flexible, inter-
changeable backbone model. While U-Net is chosen
as the CNN backbone, it is crucial to highlight that
the implementation of our feature fusion design oper-
ates independently of the backbone network. Given
{X, VIV, with X € REXWXC and vV € {0, 1}H*W,
where X is the input image and Y means the corre-
sponding type. We employ multi-layer convolutional
modules to extract initial encoding features:

F; = COHV(Fi_l,ei_l) 1€ {1,2,3,4,5} (1)
where Fy = X and @ is the parameters of the corre-
sponding convolutional layer.

3.3 Global Feature Generation

Due to the different semantic and spatial detail
information extracted at various stages, the initial
stage features have higher resolution and richer spa-
tial detail information. As convolution progresses,
deeper features possess stronger semantic informa-
tion. Therefore, this paper proposes to combine the

initial encoding features from different stages to con-
struct a global feature that guides the decoding stage:

(2)
(3)

in which SA corresponds to spatial attention, Re(-)
corresponds to resizing operation so as to adjust the
size of each feature, and Cat(-) corresponds to con-
catenation.

G = Conv(Cat(F1,Fa,F3,F4), Qg)

3.4 Global-Local Feature Fusion

Figure 3: Global-Local Feature Fusion Block

Global features generated in the former stage can
effectively support decoding process of local features
in decoding phase. In order to better consolidate the
global features generated, we apply attention blocks:

D; = Conv(Cat(SA(Cat(Re(G), F}))),

CA(Cat(Re(G), F)), 6;) @)

with i € {1,2,3,4}.



3.5 Optimization

We simultaneously use Cross-Entropy Loss [30] and
Dice Loss [31] to do the optimization, which is defined
as follows:

E(P7 Y) = BCCE(P, Y)aﬁdice(P7 Y)

(5)

Specifically, we have:
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where p; ; means the predicted value of spatial posi-
tion (¢,j) and y,; ; means the corresponding ground
truth label.

4 Experiments

In this section, we initially elaborate the setting of
experiments. Then, we compare the results of our
proposed GLoFF-Net, with SOTA methods to indi-
cate the superiority of our method.

4.1 Dataset and Evaluation Metrices

To prove the gratifying improvements that GLoFF-
Net has gained, various experiments are conducted on
Kvasir-SEG dataset [6] and CVC-ColonDB dataset
[32] to evaluate its performance. The seperation of
training set and testing set follows similar settings in
PraNet [24].

We employ four commonly used evaluation metrics
to evaluate GLoFF-Net and other methods quantita-
tively: the Jaccard Index (denoted as JA, also known
as mlIoU), Dice coefficient (denoted as DI), Sensitiv-
ity (denoted as SE) and Specificity (denoted as SP).
The metrics for evaluating model performance can be
computed using the following formulas:

TP
JA_TP+FN+FP
DI — 2TP
TP+ FN + FP
(8)
sp—_ 1P
TP+ FN
TN
SP =

TN+ FP

4.2 Implementation Details

All our experiments are performed in Pytorch 2.4.0.
The models are trained on a single NVIDIA A100
GPU on Google Colab. The Adams optimizer [33]
with weight decay and learning rate of le-3 and 2e-
4 is chosen to optimize GLoFF-Net for Kvasir-SEG
dataset and CVC-ColonDB dataset. FEach model
tested is optimized for 100 epochs after being ini-
tialized with random weights, and the batch size of
training set is 4. The evaluation metrics are obtained
by calculating the mean result from three successive
tests on the entire validation set.

4.3 Results

Quantitative Evaluation
Figure 4 and Figure 5 records the data of the four

Kvasir-SECG
Method JA DI SE SP
T-Net 0.7010 0. 7846 0.5041 0.9757
U-Net 0.8210 0.7753 0.8283 09817
GLoFF-Net [:{)111'5') 0.8384 0.7769 0.8324 0.9823

Figure 4: Segmentation evaluation on the Kvasir-SEG
dataset

CVC-ColonDB

Method JA DI SE SP
T-Net 0.5049 0.547Y9 0.5193 (.9397
U-Net | 04878 0.5570 5239 0.9412
GLoFF-Net (Ours) 0.5832  0.6299 0.6128  (0.9406

Figure 5: Segmentation evaluation on the CVC-
ColonDB dataset

metrics tested on models. Compared to other models,
our network remains competitive and gain great re-
sults. An average improvement of 19.6% mloU, 14.9%
Dice, 18.2% sensitivity, 0.6% specificity over the base-
line is accomplished.
Qualitative Evaluation

In Figure 6, four samples are selcted at random
from the Kvasir-SEG dataset [6]. Note that in the
second example, U-Net demonstrates obvious errors,
cutting off healthy areas. Same for the fourth ex-
ample, U-Net identifies two polyps, while our model
correctly identify one and produce accurate boundary
prediction.

Our model also performs well in other benchmark
datasets e.g. ColonDB dataset [32]. For several
randomly-chosen samples from it, U-Net neglects part
of the area containing polyps in the second sample



Figure 6: Segmentation evaluation on the Kvasir-
SEG dataset [6] for different networks, with left-to-
right original image, ground truth, our method, U-
Net(baseline)

and generates unsmooth boundaries in the third one;
but GLoFF-Net overcomes these problems and gen-
erates similar image as the ground truth, making it a
credible techinique for polyp segmentation.

5 Conclusion and Discussion

In summary, colorectal cancer (CRC) remains a sig-
nificant health issue globally, with colonoscopy serv-
ing as the primary method for early detection and
prevention. However, current methods using deep
learning models, while showing progress, still suffer
from high miss rates and a focus on local features
at the expense of global contextual information. To
address these limitations, we introduced GloFF-Net,
a novel encoder-decoder architecture that integrates
both global and local features using custom atten-
tion mechanisms. Our model demonstrated excellent
results across multiple benchmark datasets, outper-
forming other state-of-the-art methods, and exhib-
ited strong generalization abilities even with limited
training data. By bridging the semantic gap between
encoding and decoding, GloFF-Net significantly en-
hances polyp detection, which can contribute to re-
ducing colorectal cancer mortality.

Nevertheless, although GLoFF-Net has indicated su-
perior performance in the experiments conducted
compared against existing state-of-the-art methods,

Figure 7:
ColonDB dataset [32] for different networks, with left-
to-right original image, ground truth, our method, U-
Net(baseline)

Segmentation example on the CVC-

there are still limitations for the model: limited com-
bination of local and global features and relatively
not ideal performance with limited training data. In-
spired by Duck-Net [34], we are looking forward to
achieving better performance through revising the
current 3 x 3 convolutional block into new block that
consolidates different blocks such as Midscope block
[34] and Residual block [35] in future work.
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