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 a b s t r a c t

Surgical image segmentation serves as the foundation for laparoscopic surgical navigation technol-
ogy. The indistinct local features of biological tissues in laparoscopic image pose challenges for 
image segmentation. To address this issue, we develop an image segmentation network tailored for 
laparoscopic surgery. Firstly, we introduce the Mixed Attention Enhancement (MAE) module that 
sequentially conducts the Channel Attention Enhancement (CAE) module and the Global Feature 
Enhancement (GFE) module linked in series. The CAE module enhances the network’s perception 
of prominent channels, allowing feature maps to exhibit clear local features. The GFE module is 
capable of extracting global features from both the height and width dimensions of images and 
integrating them into three-dimensional features. This enhancement improves the network’s ability 
to capture global features, thereby facilitating the inference of regions with indistinct local features. 
Secondly, we propose the Multi-scale Feature Fusion (MFF) module. This module expands the feature 
map into various scales, further enlarging the network’s receptive field and enhancing perception 
of features at multiple scales. In addition, we tested the proposed network on the EndoVis 2018 
and a human minimally invasive liver resection image segmentation dataset, comparing it against 
six other advanced image segmentation networks. The comparative test results demonstrate that the 
proposed network achieves the most advanced performance on both datasets, proving its potential 
in improving surgical image segmentation outcome. The codes of MAMNet are available at: https:
//github.com/Pang1234567/MAMNet.
© 2025 The Author(s). Published by Elsevier B.V. on behalf of Shandong University. This is an open access 

article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
1. Introduction

Image segmentation is the technical foundation for achieving 
the navigation of laparoscopic surgery [1,2]. It aims to apply algo-
rithms to perform pixel-level classification of human organs, tis-
sues, or other surgical instruments in laparoscopic image. During 
surgery, the results of laparoscopic image segmentation can assist 
surgeons in locating different organs, tissues, and lesions [3], 
reducing the workload on the surgeon and improving surgical 
efficiency and safety.

Laparoscopic image segmentation is more challenging com-
pared to other medical image segmentation tasks, primarily due 
to the indistinct local visual features of biological tissues. The 
main reasons for this are twofold. First, there is a similarity be-
tween the local visual features of different organs and tissues [4]. 
Visual features in images can be primarily categorized into color 
features, texture features, shape features, and spatial relationship 
features. However, in laparoscopic images, different organs and 
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tissues often exhibit significant similarities in color and texture 
features, which result in indistinct local visual features. Moreover, 
real-time surgical images of laparoscopic surgery requiring a light 
source may be affected by the reflections of the surface of bio-
logical tissues and shadows resulting from obstructions between 
organs and instruments, which can make the local visual features 
of the biological tissues indistinct [5]. In Fig.  1, (a1) and (a2) 
are selected from the EndoVis 2018 dataset [6], while (b1) and 
(b2) are the corresponding ground truth of segmented images. 
Fig.  1 (a3) and (a4) are laparoscopic images of liver resection 
surgery provided jointly by Harbin Institute of Technology and 
Dalian University’s Affiliated Zhongshan Hospital, with (b3) and 
(b4) being the corresponding ground truth of segmented images 
created by professional doctors. From Fig.  1 (b1)-(b4), it is clear 
that Regions I and II belong to different types of biological tis-
sues. However, in actual surgical images, the similarity between 
biological tissues (Fig.  1(a1, a3)), reflections (a2), and shadows 
(a4) makes it very difficult to distinguish the local visual features 
of Regions I and II. In recent years, with the rise of intraoper-
ative navigation technology, many researchers have focused on 
intraoperative medical image segmentation. Ni et al. [7] proposed 
RAUNet, which introduces a multi-level attention mechanism, 
niversity. This is an open access article under the CC BY license
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Fig. 1. (a1) and (a2) are actual laparoscopic images from kidney resection surgeries, with (b1) and (b2) being the corresponding ground truth of segmented image. 
(a3) and (a4) are actual laparoscopic images from liver resection surgeries, with (b3) and (b4) being the corresponding ground truth of segmented image.
enabling the network to capture important features at differ-
ent levels and resolutions, thereby improving the segmentation 
accuracy of surgical instruments. BAANet [8] proposed two key 
modules: the Branch Balance Aggregation module and Block At-
tention Fusion module. The effectiveness of these two modules in 
improving the segmentation accuracy of surgical instruments was 
validated in the EndoVis 2017 and the EndoVis 2018 dataset, both 
of which consist of surgical laparoscopic images. However, much 
of the research focused on the problem of surgical instrument 
segmentation, neglecting the segmentation of biological tissues. 
In the laparoscopic environment, surgical instruments tend to 
have distinct features and high contrast against the biological 
tissue background, making them relatively easier to segment 
accurately.

The similarities in visual features increase the difficulty for 
these algorithms to achieve accurate segmentation of biological 
tissues in laparoscopic images. Addressing the issue of indis-
tinct local features in biological tissues is crucial for improving 
the accuracy of laparoscopic image segmentation. SRBNet [4] 
improved accuracy in cataract surgery and laparoscopic kidney 
resection image segmentation by designing a space squeeze rea-
soning module and a low-rank bilinear fusion module. It is also 
one of the earliest studies to emphasize the issue of biological 
tissue segmentation in surgical images. Furthermore, due to the 
limited research on laparoscopic image segmentation, current 
laparoscopic image segmentation datasets that include biological 
tissue labels are much rarer compared to other medical image 
datasets. In 2018, the International Conference on Medical Image 
Computing and Computer Assisted Intervention launched a sub-
challenge for robot scene segmentation and released a laparo-
scopic dataset for kidney resection image segmentation (Endovis 
2018 dataset) [6]. The EndoVis 2018 dataset, which includes 
segmentation labels for biological tissues in laparoscopic surgery, 
is the first international dataset available to the public. There-
fore, enriching laparoscopic surgery image segmentation datasets 
and providing more segmentation labels for clinical laparoscopic 
surgeries are of great importance.

In this paper, we propose MAMNet, a novel laparoscopic image 
segmentation network that leverages hybrid attention enhance-
ment and multi-scale feature fusion for improved performance. 
An encoder–decoder structure is utilized as the backbone. The 
MAE and MFF modules are designed to address the issue of indis-
tinct visual features of biological tissues in laparoscopic images. 
The MAE module effectively captures global features within the 
2

image, inferring indistinct local features from the global context. 
The MFF module obtains multi-scale features while suppressing 
noise, further enhances the network’s ability to perceive global 
features and improves segmentation accuracy. Moreover, we con-
ducted tests not only on the EndoVis 2018 dataset but also 
applied the proposed network to a dataset of human minimally 
invasive liver resection image segmentations. This dataset was 
jointly provided by Harbin Institute of Technology and Zhongshan 
Hospital affiliated with Dalian University, further demonstrating 
the broad applicability and clinical value of the algorithm.

In summary, the main contributions of this paper are as fol-
lows:

(1) To address the issue of indistinct visual features of biologi-
cal tissues in laparoscopic images, the MAE module is introduced. 
This module extracts global feature information and infers local 
features from the global context.

(2) The MFF module is proposed to facilitate the fusion of 
semantic feature information at varying scales. This integration 
significantly enhances the network’s ability to perceive global 
feature information.

(3) While the proposed network is tested on the EndoVis2018 
dataset, it is also tested on unpunished dataset taken from a 
human minimally invasive liver resection operation, which was 
jointly provided by Harbin Institute of Technology and Zhongshan 
Hospital Affiliated to Dalian University. We compare six advanced 
image segmentation networks on both two datasets, and the 
test results stated that the proposed method demonstrated great 
performance on both datasets.

2. Related work

2.1. Surgical instrument segmentation

Laparoscopic surgery is a type of minimally invasive surgery. 
Currently, most work related to laparoscopic surgery image seg-
mentation focuses on instrument segmentation in various sur-
gical scenarios. Zhen et al. [7] designed RAUNet for cataract 
surgery instrument segmentation and created the first cataract 
surgery instrument dataset for semantic segmentation to test 
network performance. StreoScenNet [9] was the first to utilize 
left and right frame information from a stereoscopic surgical 
system to assist with instrument segmentation, improving the ac-
curacy of instrument segmentation. Lee [10] designed a two-stage 
laparoscopic image segmentation method. Initially, the method 



K. Peng, Y. Chang, G. Lang et al. Biomimetic Intelligence and Robotics 5 (2025) 100236
employs deep learning technique for coarse segmentation. Sub-
sequently, it utilizes post-processing techniques such as erosion 
and GrabCut to refine and enhance the segmentation accuracy. U-
NetPlus [11] modified the U-Net architecture by redesigning the 
encoder and decoder and evaluated it on the MICCAI 2017 En-
doVis Challenge dataset, showing excellent performance in binary 
segmentation tasks. However, there remains scope for improve-
ment in the accuracy of multi-class segmentation tests. Sun [12] 
designed a lightweight deep neural network that improved the 
real-time performance of the model while maintaining segmen-
tation accuracy. To further enhance the accuracy of instrument 
segmentation, many recent studies have concentrated on expand-
ing the network model’s receptive field to obtain the contextual 
information in surgical images. DRR-Net [13] addressed the is-
sues of insufficient local feature mapping and lack of temporal 
modeling information in instrument segmentation tasks by incor-
porating a novel non-connected attention recurrent convolutional 
block and a context fusion block. The network’s effectiveness was 
demonstrated through testing on multiple instrument segmenta-
tion datasets. Yang [14] and colleagues proposed a multi-scale 
fusion network for endoscope image surgery instrument seg-
mentation based on the transformer model. The study achieved 
the instrument segmentation accuracy through a dual-branch 
encoder structure, an attention feature fusion module, and an 
additive attention and concatenation module.

2.2. Attention mechanism

The attention mechanism [15] is a method that mimics the 
human visual and cognitive system; it can improve the perfor-
mance and generalization capability of neural network and is 
widely applied in various computer vision tasks. Yang et al. [16] 
designed an attention-guided channel mechanism to enhance 
the segmentation between adjacent retinal layers in OCT images 
under the influence of choroidal neovascularization. CA-Net [17] 
used a comprehensive attention mechanism to enhance feature 
mapping between channels and multiple scales separately. Tests 
on datasets for skin lesion segmentation and fetal MRI multi-class 
segmentation demonstrated improvements in network perfor-
mance. DANet [18] proposed a deformable attention network and 
integrated it into the U-Net architecture. Testing on a publicly 
available COVID-19 dataset demonstrated the effectiveness of 
this attention mechanism in improving lung infection segmen-
tation performance. Yang et al. [19] proposed a dual attention 
module, enhancing encoder output feature maps with channel 
attention and decoder input feature maps with spatial attention. 
By connecting the feature maps generated by the two attention 
modules, the approach improved the precision of surgical in-
strument segmentation. CGBA-Net [20] proposed a bidirectional 
attention mechanism that integrates feature information from 
different directions using average pooling and maximum pooling 
operations, enhancing the accuracy of surgical instrument seg-
mentation. HCTA-Net [21] proposed a multi-dimension attention 
module that rotates the input 3D feature map in three differ-
ent directions and performs global pooling in each direction, 
obtaining attention weights from each direction. By multiply-
ing these three attention weights, a comprehensive attention 
weight is generated, reducing background interference during 
segmentation to improve segmentation performance. Shokofeh 
Anari et al. [22] combined the pre-trained transformer model 
with the UNet framework to achieve breast tumor segmentation, 
demonstrating the potential of transformer’s self-attention mech-
anism in improving medical image segmentation performance. 
Wang et al. [23] proposed a two-stage CNN method, which im-
proved the accuracy of prostate MRI image segmentation. Zhuang 
et al. [24] developed a human body point cloud model for the 
3

semantic segmentation of human body features. This work used 
LiDAR and an enhanced PointNet network with spatial feature 
extraction and channel attention modules to improve semantic 
segmentation accuracy by 4.5%, enabling precise identification of 
human body features for elderly bath care.

2.3. Feature fusion

In image segmentation, different levels of features capture 
different types of information. High-level features, having under-
gone multiple convolution operations, contain more semantic in-
formation but exhibit lower resolution and poor detail sensitivity. 
On the other hand, low-level features possess higher resolution 
and rich detail information but have lower semantic content and 
more noise. Therefore, many studies have attempted to process 
feature maps at different levels to obtain more comprehensive 
and precise feature information. Li et al. [25] proposed a Multi-
scale Bottleneck Residual module, which addresses the challenge 
of balancing accuracy and model parameters in Scanning Laser 
Ophthalmoscopy images segmentation methods. PSPNet [26] is 
proposed by Zhao that utilized a pyramid pooling module and 
used dilated convolutions to enhance the performance and ac-
curacy of neural network in image segmentation tasks. Zhang 
et al. [27] combined convolutional feature fusion, channel at-
tention fusion, and encoder–decoder feature fusion to propose a 
comprehensive feature fusion strategy that improved the accu-
racy of vestibular segmentation in CT images. Ding et al. [28] pro-
posed a multi-scale feature adaptive fusion method to enhance 
the performance of interactive image segmentation. Bendechache 
et al. [29] proposed an optimized Convolutional Neural Network 
(CNN) that used an Improved Chimp Optimization Algorithm 
(IChOA) to adjust all weight and bias values of the CNN model. 
This work adopted IChOA and SVM classifiers to select more key 
features and input these features into the optimized CNN model, 
improving the accuracy and robustness of the model for brain 
tumor segmentation. Yang et al. [30] introduced a hierarchical 
feature fusion method for achieving layered feature fusion. Zhai 
et al. [31] implemented a feature fusion method during up sam-
pling to integrate low-level semantic features, thereby capturing 
more low-level detail information and enhancing the segmenta-
tion of retinal vessel images. Ranjbarzadeh et al. [31] proposed 
an automatic breast tumor segmentation and recognition based 
on a shallow CNN that uses multi-feature extraction routes. MFF-
Net [32] designed a multi-channel feature map concatenation 
to enhance model generalization by fusing deep and shallow 
features. CFFR-Net [33] devised a feature fusion mechanism to 
coordinate global and local features extracted by different feature 
extraction modules. Du et al. [34] developed a cell image seg-
mentation network model based on edge feature residual fusion. 
This model incorporates independent edge feature extraction and 
residual fusion modules to enhance edge features and constraints 
during cell target feature fusion, thereby improving the accuracy 
of cell contour localization. Bendechache et al. [33] proposed 
a framework for breast tumor segmentation and recognition in 
mammograms based on encoding method and a shallow cas-
cade CNN. By generating multiple encoded images to extract 
unique features and remove the pectoral muscle, the framework 
utilizes a shallow network for pixel classification, avoiding the 
complexity of CNN. TBUnet [35] proposed a Fusion Layer module 
based on thresholding and logical operations, capable of inte-
grating features from different regions. This approach addresses 
the challenge of accurately segmenting lesions with structural 
heterogeneity and blurred boundaries, such as melanoma, colon 
polyps, and breast cancer. Wang et al. [36] designed a road scene 
segmentation network based on multi-scale feature fusion and 
contextual information aggregation, using contextual information 
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Fig. 2. Selected from the sample image of nephrectomy surgery. The area circled 
in black represents the junction of the kidney margin and the abdominal wall.

to guide feature fusion and enhancing the network’s semantic 
feature extraction capability. Wang et al. [37] devised a multi-
scale feature fusion method that continuously fuses low-level 
feature maps of different scales before the decoding, allowing 
the decoder to gradually learn the semantic information of the 
image. Feature fusion modules have been widely applied in image 
segmentation. In practical design, corresponding feature fusion 
methods are often tailored based on the characteristics and issues 
of specific segmentation tasks to improve segmentation accuracy.

3. Method

3.1. Overview

In laparoscopic images, it is hard to directly classify pixels 
based on the local visual features of indistinct biological tissues. 
The key to solving this issue involves first classifying regions with 
clear local features, and then inferring the boundaries of areas 
with unclear features based on global features such as contours 
and spatial relationships. As shown in Fig.  2, selected from the 
EndoVis 2018 dataset [6], it is clear that the area circled in black 
at the junction of the kidney margin and the abdominal wall has 
very similar color characteristics, making it difficult to directly 
determine the boundaries. However, inferring the boundaries of 
the less obvious areas relies on the kidney’s global characteristics 
and spatial relationships. Therefore, how to expand the network’s 
receptive field and better capture global semantic features to 
assist in the recognition of local features is key to solving the 
problem of laparoscopic image segmentation.

The proposed MAMNet structure, as shown in Fig.  3, utilizes 
Resnet34 [38] as the backbone for the encoder–decoder network. 
The MAE module is designed to enhance distinct local features 
and to obtain global features, then determining the boundaries 
of indistinct areas. To further expand the network’s receptive 
field for global semantic features at different scales, we also 
proposed a Multi-scale Feature Fusion module, which integrates 
semantic features at different scales, thereby further improving 
the network’s ability to capture global semantic features.

3.2. Mixed Attention Enhancement module

In order to enhance local features while simultaneously cap-
turing shape features and spatial relationship features in different 
directions, we designed the MAE module, which consists of the 
Channel Attention Enhancement (CAE) module and the Global 
Feature Enhancement (GFE) module in series.
4

3.2.1. Channel Attention Enhancement module
The CAE module enhances the prominent channels of the 

original feature map after encoding. Since different channels cor-
respond to different semantic features, this module effectively 
enhances the regions with prominent features in the laparoscopic 
image, providing a detailed input feature map for subsequent 
global semantic feature extraction. As illustrated in Eq. (1), per-
forming global maximum pooling captures the prominent feature 
information in each channel and enhances the texture and color 
features in the image. Therefore, by employing a 1 × 1 convo-
lution and a non-linear activation function in conjunction with 
global maximum pooling, the prominent feature information in 
each channel is encoded into a weight vector. Subsequently, 
the prominent feature weight is adaptively distributed to the 
input feature map using broadcast element-wise multiplication 
(Hadamard product), thereby enhancing the prominent features 
and filtering out irrelevant background features, as depicted in 
Eq. (2). 
yck = max

0≤i≤H
0≤j≤W

[σ (f (xk (i, j)) + b)] (1)

y = yck ⊙ x (2)

In Eq. (1) and (2), x ∈ RC×H×W  represents the input feature map, 
and y ∈ RC×H×W  represents the output feature map.k, i and j
are the index values of the input feature map in the channel, 
height, and width dimensions, respectively.σ  denotes the Linear 
rectification function, f  represents the convolution operation with 
a 1 × 1 kernel, and b represents the bias term. The symbol ⊙
denotes the broadcast Hadamard product.

3.2.2. Global Feature Enhancement module
The GFE module boosts the network’s ability to perceive global 

features, including overall shape and spatial relationships, thus 
enabling the inference of features in indistinct regions from dis-
tinct features. Previous research [39] has shown that while ad-
justing the size of the convolution kernel can partially increase 
the network’s receptive field, this approach not only has limited 
effectiveness in enhancing network capabilities but also signifi-
cantly raises the computational complexity of convolution opera-
tions. As shown in Eq. (3) and (4), the global feature enhancement 
module conducts global average pooling operations on the feature 
map separately from the height and width dimensions, com-
pressing the overall features in both directions into two feature 
weights. 

yHk =
1
H

H∑
i=1

δ1 [f1 (xk (i, j)) + b1] (3)

yw
k =

1
W

W∑
j=1

δ2 [f2 (xk (i, j)) + b2] (4)

In Eq. (3) and (4), xk(i, j) ∈ RC×H×W  represents the input feature 
map, yHk  and yw

k  represent the feature weight in the height and 
width directions of the feature map, H and W  represent the 
height and width of the feature map. δ1 and δ2 denote the Linear 
rectification function, f1 and f2 the convolution with a 3 × 3 
kernel, b1 and b2 represent the bias term.

To integrate the global feature weights from two directions 
into a single three-dimensional feature weight matrix, we de-
signed an extended Hadamard product guided by channel re-
lationships. As shown in Fig.  4, after feature compression, the 
feature weights in the height direction have a size of C × H , and 
the feature weights in the width direction have a size of C × W . 
Due to the same channel relationships, any point y (k, i and j) 
in the three-dimensional feature weights should simultaneously 
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Fig. 3. Architecture of MAMNet.
Fig. 4. Architecture of the GFE mudule. The extended Hadamard product calculation process corresponds to ⊗ in Eq. (5).
represent the feature weights at index (k, j) in the height direction 
and index (k, i) in the width direction.

The extended Hadamard product calculation, presented in 
Eq. (5), fuses the feature weights from both the width and height 
directions and expands the dimensions to C × H × W . This 
operation results in a three-dimensional global feature weight of 
the same size as the input feature map, facilitating the subsequent 
feature fusion process. 
y i, j = yH j × yW i (5)
k ( ) k ( ) k ( )

5

where yk (i, j) represents the output feature map and (i, j) repre-
sents the index value in the width and height directions, respec-
tively.

3.3. Multi-scale Feature Fusion module

To further enhance the network’s capability to perceive global 
semantic features, the MFF module is designed to capture feature 
information at varying scales. The principle of the MFF module 
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Fig. 5. Architecture of the MFF module.
is depicted in Fig.  5. As detailed in Eq. (6), for the input fea-
ture map with dimensions C × H × W , three distinct dilated 
convolution operations are initially performed. The kernels for 
these convolutions are all 3 × 3, with dilation rates set to 2, 5, 
and 9, respectively. Dilated convolution allows for the expansion 
of the receptive field without resolution loss and preserves the 
relative spatial positions of pixels. When dilated convolutions 
with varying dilation rates are stacked, they can extract multi-
scale information due to the differing receptive fields. Setting the 
dilation rates in a sawtooth pattern can effectively mitigate the 
grid effect [40]. Then we performed adaptive global pooling on 
the feature maps processed by dilated convolution, expanding 
them into feature weights of different sizes (feature weights 1–3), 
with the weight sizes being C ×H/2×W/2, C ×H/4×W/4, and 
C × H/8 × W/8 respectively. Adaptive global pooling can retain 
the global features of the image to the greatest extent. 
yk = Pool(hk,wk)

avg (σk (fk (x) + bk)) (6)

In Eq. (6), x ∈ RC×H×W  represents the input feature map, and 
yk ∈ RC×H×W  represents the three-dimensional feature weight 
matrices of different sizes, where k ∈ [1, 2, 3]. Pool(hk,wk)

avg  denotes 
the average pooling operation that compresses the feature map 
to height and width of (hk, wk), respectively. fk represents dilated 
convolution operations with a kernel of 3 × 3 and different 
dilated rates, bk represents the bias term, and σk is the Linear 
rectification function. To ensure information consistency, these 
feature weight matrices are resized to match the dimensions 
of the input feature map C × H × W  through an up-sampling 
operation. Under the guidance of established channel relation-
ships, we cascaded the input feature map with feature weights 
1–3, and adaptively adjusted the cascaded feature maps to C ×

H × W  using a convolution operation with a 3 × 3 kernel. This 
allows features at different scales to be distributed adaptively 
across the entire feature maps. This multi-scale feature fusion and 
adjustment operation enables the extraction of global semantic 
information and reduces the interference of noise. As a result, 
the final network output delivers a more accurate segmentation 
image.

4. Experiments

Currently, among the publicly available laparoscopic segmen-
tation international datasets, only the EndoVis 2018 dataset pro-
vides annotations for different types of biological tissue. The 
proposed MAMNet was initially validated on the EndoVis 2018 
6

dataset, which comprises pig endoscopic images used as raw 
image data. These images represent a simpler environment com-
pared to the human abdominal cavity. To further validate the 
broad applicability and clinical value of the algorithm, we con-
ducted tests on the proposed network using a dataset of human 
minimally invasive liver resection images. For each dataset, we 
compared six advanced image segmentation networks. Due to 
variations in the precision of different dataset creations, to en-
sure the credibility of algorithm performance comparisons, all 
comparative experiments and our segmentation network tests
employed the same method to divide the datasets. Finally, we 
conducted ablation studies on the MAE and MFF modules com-
pared to six other networks to validate their practicality.

4.1. Dataset

4.1.1. EndoVis 2018 dataset
The dataset utilized in this study originates from the 2018 

Robotic Scene Segmentation Challenge, comprising original en-
doscopic images of pigs captured using da Vinci X or Xi systems. 
It includes 2,235 images in the training set and 610 images in 
the test set, each with a resolution of 1280 × 1024. This dataset 
provides annotations for eleven foreground object classes found 
in pig endoscopic images, encompassing eight types of surgical 
instruments and three types of biological tissues. To the best 
of our knowledge, this is the first publicly available dataset to 
include detailed annotations for complex biological tissues.

4.1.2. Human minimally invasive liver resection image segmentation 
dataset

In actual surgical scenarios, human tissue presents signifi-
cantly greater complexity compared to pig tissue, thereby compli-
cating the process of dataset annotation. This dataset was derived 
from real minimally invasive liver resection surgery videos, from 
which similar frame images were manually removed to ensure 
diversity. It comprises 1,165 training images and 388 validation 
images, each with a resolution of 1280 × 1024, meticulously 
annotated by expert physicians. The annotations cover the liver 
surface, resected liver parenchyma, gallbladder, hemostatic clips, 
and surgical instruments, with the results stored as pixel-level 
segmentation masks. The annotation process underwent multiple 
reviews to ensure accuracy and consistency of the data label-
ing. The dataset is derived from the project titled ‘‘Research on 
Clinical Early Screening and Pathogenesis of Malignant Tumors 
in the Digestive System’’ (approved by the ethics committee, 
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Ethics Approval Number: KY2023-002-2). All data collection and 
processing strictly adhered to relevant ethical guidelines, with 
informed consent obtained from all participants.

4.2. Implementation details

MAMNet is implemented using the PyTorch framework. The 
network employs cross-entropy loss as the reference parameter 
for updating network weights. The learning rate is adjusted using 
an exponential decay strategy, starting from 0.0001. The Adam 
optimizer is utilized for training, with a batch size of 2 and an 
input image size of 1280 × 1024. The total number of epochs 
is set to 300. For validation on the EndoVis 2018 Dataset, we 
randomly partitioned 2,235 images as the training set and 610 
images as the test set. For validation on the on human minimally 
invasive liver resection image segmentation dataset, we randomly 
allocated 1,165 images as the training set and 388 images as the 
test set. To ensure the robustness of the results, we also per-
formed five-fold cross-validationand averaged the results as the 
final performance metric. The primary hardware setup includes 
a NVIDIA GeForce RTX 3060 GPU and an Intel Core i7-12700 
processor, with all training and testing conducted on this device.

During training, the dataset consists of meticulously curated 
and annotated images, resulting in high acquisition costs and lim-
ited feature variability. To address this, we applied data augmen-
tation techniques such as random rotation, flipping, and Gaussian 
noise addition to enhance the diversity of the training data. Ad-
ditionally, to mitigate overfitting, we incorporated dropout layers 
after the fully connected layers of the model.

To quantitatively assess the performance of the image seg-
mentation network, the Dice Coefficient (Dice) and Intersection 
over Union (IoU) are commonly used evaluation metrics. These 
metrics measure the similarity between the ground truth and the 
predicted results, with higher values indicating better segmenta-
tion performance. 

Dice =
2 |G ∩ P|

|G| + |P|
(7)

IoU =
|G ∩ P|

|G ∪ P|
(8)

where G represents the ground truth, and P represents the pre-
dicted results.

Since the aim of this study is to segment different types of bi-
ological tissues and instruments in laparoscopic surgical images, 
the mean Dice (mDice) and mean IoU (mIoU) are used to evaluate 
the segmentation performance, which calculates the average Dice 
and IoU values across each segmentation object. We compared 
our proposed method with several state-of-the-art methods, in-
cluding UNet, AUNet, RAUNet, DeepLabv3+, PSPNet and SRBNet. 
Below is a brief overview of these benchmark methods:

(1) UNet: Based on UNet, the Attention Mechanism is intro-
duced to enhance the model’s ability to focus on the region of 
interest, so as to improve the segmentation accuracy. A learning 
rate of up to 0.001 and a batch size of 2 are set in our experiment.

(2) AUNet: Based on UNet, the Attention Mechanism is intro-
duced to enhance the model’s ability to focus on the region of 
interest, so as to improve the segmentation accuracy. A learning 
rate of up to 0.001 and a batch size of 2 are set in our experiment.

(3) RAUNet: An improved model based on UNet, integrating 
Residual Connections and Attention Mechanisms. It demonstrates 
strong performance in surgical instrument image segmentation. A 
learning rate of up to 0.0005 and a batch size of 2 are set in our 
experiment.

(4) DeepLabv3+: Built on an encoder–decoder architecture, 
DeepLabv3+ incorporates Atrous Spatial Pyramid Pooling to cap-
ture multi-scale contextual information and enhance precise
7

Table 1
The average segmentation results tested on EndoVis 2018 dataset.
 Method Backbone mIoU (%) mDice (%) 
 UNet Resnet34 53.12 60.81  
 AUNet Resnet34 60.00 68.14  
 RAUNet Resnet34 66.30 75.34  
 Deeplabv3+ Resnet34 73.74 80.93  
 PSPNet Resnet34 75.85 82.40  
 SRBNet Resnet34 75.57 82.24  
 MAMNet Resnet34 78.19 83.84  
The proposed MAMNet achieved the outstanding performance, with the highest 
score of mIoU and mDice being 2.34% and 1.44% higher, respectively, than the 
second highest method in this experiment.

boundary segmentation. In our experiment, three parallel atrous 
convolution layers are used, and each convolution layer has a 
dilated rate of 6,12, and 18, respectively.

(5) PSPNet: PSPNet incorporates a Pyramid Pooling Module to 
capture multi-scale contextual information and enhance semantic 
segmentation performance. A learning rate of up to 0.0002 and a 
batch size of 2 are set in our experiment.

(6) SRBNet: Based on an encoder–decoder architecture, it in-
tegrates Space Squeeze Reasoning and Low-Rank Bilinear Feature 
Fusion techniques. It is the first method to designed to address 
the segmentation of biological tissues in surgical images. A learn-
ing rate of up to 0.0001 and a batch size of 2 are set in our 
experiment.

To ensure the reliability of the comparison, all methods used 
for comparison adopt ResNet34 as the encoder–decoder backbone 
network.

4.3. Experiment results

4.3.1. Test results on two datasets
4.3.1.1. Test results on EndoVis 2018.
To evaluate the segmentation performance of MAMNet, we ini-
tially tested the network on the EndoVis 2018 dataset and com-
pared its performance with six other segmentation networks 
under identical experimental conditions. The average test results 
from six other methods on the EndoVis 2018 dataset are pre-
sented in Table  1. MAMNet demonstrated the best performance 
compared to six other methods, achieving scores of 78% and 
84% in mIoU and mDice, respectively, surpassing PSPNet—the 
second-best performing method—by 2.34% and 1.44%. SRBNet 
demonstrated excellent performance in surgical image segmen-
tation and was the first network designed to address the problem 
of local feature similarity. Compared to SRBNet, MAMNet showed 
improvements of 2.62% and 1.60% on mIoU and mDice scores, 
respectively. Additionally, Deeplabv3+, a classic image segmenta-
tion network widely used in various medical image segmentation 
tasks, was also included in the tests. Compared to Deeplabv3+, 
MAMNet outperformed it by 4.45% and 2.91% on mIoU and mDice 
scores, respectively. Furthermore, compared to other classic med-
ical image segmentation networks such as UNet, AUNet, and 
RAUNet, MAMNet showed an even greater advantage in both 
performance metrics.

To demonstrate MAMNet’s superiority in addressing the issue 
of indistinct local features of biological tissues in laparoscopic 
images, the mIoU and mDice scores for each classification object 
tested on the EndoVis 2018 dataset are presented in Table  2. 
MAMNet demonstrates the best performance in the segmenta-
tion results for all categories except for the US-probe, and it is 
also very close to the optimal value for US-probe segmentation 
which is achieved by Deeplabv3+. To provide a more intuitive 
comparison of segmentation results of PSPNet, SRBNet and the 
proposed network, Fig.  6 aims to visually demonstrate which of 
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Table 2
The mIoU and mDice of each category tested on the EndoVis 2018 dataset.
 Method Index Shaft Clasper Wrist Parenchyma Kidney Thread Clamps Suction Intestine US-probe 
 UNet mIoU 83.91 68.68 58.09 82.12 79.40 48.85 67.61 0.0 95.61 0.0  
 mDice 91.24 81.43 73.49 90.18 88.52 65.64 80.68 0.0 97.80 0.0  
 AUNet mIoU 84.68 66.03 60.61 91.86 91.79 60.38 71.17 0.0 95.16 38.32  
 mDice 91.71 79.54 75.47 95.76 95.72 75.29 83.16 0.0 97.52 55.41  
 RAUNet mIoU 89.34 74.53 70.44 93.51 92.51 58.33 61.73 56.67 85.90 36.34  
 mDice 94.37 85.41 82.66 96.64 96.11 73.68 76.33 72.34 97.91 53.30  
 Deeplabv3+ mIoU 90.58 76.75 61.32 95.12 96.12 72.03 82.74 69.00 98.67 68.82  
 mDice 95.06 86.84 76.03 97.50 98.02 83.74 90.55 81.66 99.33 81.53  
 PSPNet mIoU 91.40 79.14 69.22 94.76 94.87 71.81 80.15 73.34 98.38 81.25  
 mDice 95.51 88.35 81.81 97.31 97.37 83.59 88.98 84.62 99.18 89.65  
 SRBNet mIoU 91.96 78.80 71.49 93.67 94.02 71.56 80.18 71.90 98.98 78.67  
 mDice 95.81 88.14 83.38 96.73 96.91 83.43 89.00 83.65 99.49 88.06  
 MAMNet mIoU 93.26 83.26 76.35 96.19 97.25 73.73 83.49 77.70 99 .08 79.82  
 mDice 96.51 90.87 86.59 98.06 98.60 84.88 91.00 87.45 99.54 88.78  
The figure in bold indicates the highest results.
Fig. 6. Visualization of Segmentation Results by Different Methods: MAMNet, PSPNet, SRBNet, and ground truth image. Different objects are represented in distinct 
colors, with areas outlined in yellow indicating regions with indistinct local features. Compared to PSPNet and SRBNet, MAMNet achieves superior segmentation 
results with reduced noise.
the networks, PSPNet, SRBNet, or the proposed network, achieves 
segmentation results that are most similar to the ground truth 
and surgical images. In image 1, 2, and 3, the areas noted in 
8

yellow are the regions of similar biological tissues. A comparative 
analysis with the ground truth reveals that PSPNet fails to accu-
rately segment similar biological tissues, while SRBNet exhibits a 
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Table 3
The average segmentation results tested on the human minimally invasive liver 
resection image segmentation dataset.
 Method Backbone mIoU (%) mDice (%) 
 UNet Resnet34 70.16 78.73  
 AUNet Resnet34 73.69 81.69  
 RAUNet Resnet34 73.89 83.83  
 Deeplabv3+ Resnet34 77.85 85.77  
 PSPNet Resnet34 79.00 87.35  
 SRBNet Resnet34 78.09 86.20  
 MAMNet Resnet34 81.37 88.95  
The proposed MAMNet achieved the outstanding performance, with the highest 
score of mIoU and mDice being 2.37% and 1.6% higher, respectively, than the 
second highest method in this experiment.

Table 4
The mIoU and mDice of each category tested on the EndoVis 2018 dataset.
 Method Index Gallbladder Instrument Surface Parenchyma Clip  
 UNet mIoU 80.46 86.33 90.60 75.08 18.35 
 mDice 89.17 92.66 95.07 85.77 31.01 
 AUNet mIoU 86.20 86.09 92.66 79.71 23.81 
 mDice 92.58 92.53 96.19 88.71 38.46 
 RAUNet mIoU 68.23 90.88 92.58 71.39 46.40 
 mDice 81.11 95.22 96.14 83.31 63.39 
 Deeplabv3+ mIoU 89.41 89.22 92.86 79.75 38.02 
 mDice 94.41 94.30 96.30 88.73 55.09 
 PSPNet mIoU 87.69 87.21 92.53 77.70 49.83 
 mDice 93.44 93.20 96.12 87.45 66.51 
 SRBNet mIoU 88.80 87.92 92.89 79.53 41.30 
 mDice 94.07 93.57 96.31 88.60 58.46 
 MAMNet mIoU 92.95 88.17 93.14 78.06 54.54 
 mDice 96.35 93.72 96.45 87.68 70.58 
The figure in bold indicates the highest results.

certain level of improvement over PSPNet. However, the segmen-
tation results of MAMNet are more complete and closer to the 
ground truth compared to SRBNet and PSPNet. In image 4, 5, and 
6, the areas noted in yellow are the regions where local features 
are indistinct due to reflections and shadows. The results indicate 
that MAMNet also exhibits superior capability in addressing local 
similarity issues caused by reflection and shadow.

4.3.1.2. The test results on human minimally invasive liver resection 
image segmentation dataset.
To effectively validate the superiority of MAMNet’s performance, 
the minimally invasive liver resection image segmentation data-
set tests were conducted, which was created based on real-time 
liver resection surgery images. As shown in Table  3, MAMNet 
achieved an average mIoU score of 81.37% and an average mDice 
score of 88.95% on the minimally invasive liver resection image 
segmentation dataset. It exhibited the best performance com-
pared to six other image segmentation networks, outperforming 
the second-ranking PSPNet by 2.37% and 1.6%, respectively. Table 
4 presents the mIoU and mDice scores of seven segmentation 
networks tested for each classification object. MAMNet achieved 
the best results in most of the tested classification objects. Fig. 
7 provides a visual comparison of the segmentation results of 
MAMNet, SRBNet, and PSPNet comparing with the ground truth.

4.3.2. Ablation study
This section conducts ablation experiments on the EndoVis 

2018 dataset to verify the practicality of the two proposed mod-
ules, and the results are shown in Table  5.
4.3.2.1. Ablation study of the MAE module.
To validate the effectiveness of the MAE module, Model 1 to 
4 were tested on the EndoVis 2018 dataset. Model 1, which 
adopts the most common encoder–decoder structure and does 
not include any feature processing module, showed the poorest 
9

Table 5
The ablation study of the proposed network.
 Method MAE MFF mIoU(%) mDice(%) 
 CAE GFE  
 Model 1 # # # 54.79 62.99  
 Model 2 ✓ # # 67.23 76.52  
 Model 3 # ✓ # 71.13 79.03  
 Model 4 ✓ ✓ # 73.42 80.76  
 Model 5 # # ✓ 70.84 79.13  
 Model 6 ✓ ✓ ✓ 78.19 83.84  
Model 6 is the proposed model in this paper(MAMNet).

performance with mIoU and mDice scores of 54.79% and 62.99%, 
respectively. Model 2, which includes the CAE module on top 
of the encoder–decoder structure, achieved mIoU and mDice 
scores of 67.23% and 76.52%, respectively. This Model empha-
sizes the local features of the segmentation target, enabling more 
precise segmentation in similar regions and thereby improving 
overall segmentation performance to a certain extent. Model 3 
is an enhancement of Model 1, incorporating the GFE module 
to provide global feature perception capability, expanding the 
network’s receptive field. The mIoU and mDice values for Model 
3 are 71.13% and 79.03%, respectively. Model 4 simultaneously 
incorporates both the CAE and GFE modules, strengthening the 
network’s perception of local salient features through the CAE 
module, while the GFE module facilitates global feature percep-
tion. When tested on the EndoVis 2018 dataset, Model 4 achieved 
mIoU and mDice values of 73.42% and 80.76%, respectively, higher 
than Model 2 and Model 3. Results from Model 1 to 5 indicate 
that both the CAE and GFE modules enhance the performance 
of network segmentation, with their combined use proving more 
effective than either module alone.
4.3.2.2. Ablation study of the MFF module.
To validate the effectiveness of the MFF module, Model 5 was 
tested on the EndoVis 2018 dataset. As indicated in Table  5, the 
MFF module is integrated with the encoder–decoder structure. 
The test results on the EndoVis 2018 dataset show that Model 
5 achieved mIoU and mDice scores of 70.84% and 79.13%, re-
spectively. These scores represent improvements of 16.05% and 
16.14% over Model 1. These results demonstrate the MFF mod-
ule’s significant impact in enhancing the performance of the 
network.

Model 6, as presented in this paper, integrates the CAE, GFE, 
and MFF modules. By comparing the test results from Model 4 to 
6, it becomes apparent that both the proposed the MAE and MFF 
modules significantly enhance the performance of the laparo-
scopic image segmentation network. Furthermore, the synergistic 
effect of combining these modules leads to superior performance 
than when using either module alone.

4.3.3. Statistical significance test
To rigorously evaluate the performance of our proposed met-

hod, we conducted a paired-samples t-test, comparing the mIoU 
scores of our proposed method with those of six baseline methods 
in pairwise fashion. We randomly selected five samples from the 
test set of the EndoVis 2018 Dataset, each containing 100 im-
ages, and tested both our proposed method and the comparative 
methods on the same samples. The null hypothesis (H0) states the 
means of the two methods are equal (no significant difference), 
while the alternative hypothesis (H1) states the means of the 
two methods are not equal (significant difference). We set the 
significance level at α = 0.05. The test results are presented in 
Table  6.

The results of the paired samples t-test demonstrate that 
our method significantly outperforms all six baseline methods 
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Fig. 7. Visualization of Segmentation Results by Different Methods: MAMNet, PSPNet, SRBNet, and ground truth image. Different objects are represented in distinct 
colors, with areas outlined in red indicating regions with indistinct local features. Compared to PSPNet and SRBNet, MAMNet achieves superior segmentation results 
with reduced noise.
Table 6
Statistical Significance of Performance Comparison (mIoU).
 Comparison method Mean difference (mIoU) t-statistic p-value Significance 
 UNet +24.55% 40.68 0.0000 Significant  
 AUNet +17.66% 29.27 0.0000 Significant  
 RAUNet +11.36% 18.83 0.0000 Significant  
 Deeplabv3+ +3.84% 4.92 0.0080 Significant  
 PSPNet +1.40% 5.07 0.0071 Significant  
 SRBNet +2.09% 5.11 0.0069 Significant  
in terms of mIoU (p < 0.05 for all comparisons). This confirms 
the effectiveness of our approach in improving segmentation 
accuracy.

5. Discussion and conclusion

In this paper, we tackle the challenge of distinguishing indis-
tinct local visual features in biological tissues during laparoscopic 
surgery image segmentation. A segmentation network that lever-
ages the MAE and MFF modules is introduced. The MAE module, 
which is a series connection of the CAE module and GFE module, 
effectively captures global features and clarifies local features that 
are difficult to differentiate from global contexts. Additionally, we 
developed the MFF module, which is integrated into the decoder. 
This module enhances the fusion of feature information across 
various scales during the decoding process, thereby significantly 
improving the network’s global feature perception. Compared to 
AUNet and RAUNet, the MAE module first enhances local features, 
and then extracts global semantic features to infer local details 
in regions with unclear visual features. This approach surpasses 
other algorithms in effectively integrating local and global fea-
tures. Compared to DeepLabV3, PSPNet and SRBNet, our method 
combines the attention mechanism with multi-scale feature fu-
sion method to extract more comprehensive feature information 
from multiple dimensions. It is worth noting that our proposed 
10
extended Hadamard product for extracting global semantic fea-
tures requires fewer parameters than the space extrusion module 
proposed by SRBNet.

We evaluated the proposed method on the EndoVis 2018 
public dataset and compared it with six other medical image 
segmentation networks. The results confirmed that the proposed 
network outperforms these six segmentation networks. Notably, 
the Endovis 2018 dataset is a collection of pig endoscope images, 
which are less complex than those of the human abdominal 
cavity. To enhance the reliability of the proposed network, we 
tested the network on a minimally invasive liver resection im-
age segmentation dataset jointly provided by Harbin Institute 
of Technology and Zhongshan Hospital Affiliated to Dalian Uni-
versity. During the test on the EndoVis 2018 dataset, MAMNet 
demonstrated mIoU and mDice scores of 78.19% and 83.84%, 
respectively. On human minimally invasive liver resection image 
segmentation dataset, MAMNet demonstrated mIoU and mDice 
scores of 81.37% and 88.95%, respectively. In comparative tests 
with six other image segmentation networks, our proposed meth-
od demonstrated the highest performance based on mloU and 
mDice across both datasets. Furthermore, the results of the sta-
tistical significance test showed that the differences between our 
method and the other six methods were all statistically significant 
(p < 0.05), indicating its application and clinical value. Finally, we 
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), 
validated the effectiveness of the MAE module and MFF module 
through ablation experiments.

In future work, we can further improve the algorithm’s per-
formance in terms of generalization capability and computational 
efficiency through the following aspects:

(1) The segmentation model proposed in this paper is based on 
supervised learning, which has high demands on both the qual-
ity and quantity of the dataset. However, the datasets available 
for training must be created by specialist doctors, highlight-
ing the limitations of the model’s learning capability. There-
fore, in future research, we will prioritize the development of 
semi-supervised and unsupervised algorithms for laparoscopic 
image segmentation to reduce the model’s dependency on high-
precision datasets.

(2) Taking liver resection as an example, there are significant 
variations in intra-abdominal fat accumulation and liver lesions 
among different patients during clinical surgery, leading to vari-
ations in the detailed features of laparoscopic images of the liver 
and surrounding areas. This diversity imposes higher demands 
on the model’s generalization ability. To address this challenge, 
we plan to introduce transfer learning and expand the dataset by 
incorporating surgical images from different patients.

(3) In terms of computational efficiency, the MFF module may 
contain redundant weights, leading to the generation of unnec-
essary parameters and reducing overall efficiency. To address 
this issue, we need to refine the feature decomposition process 
to extract more useful features and apply network pruning. In 
future work, we will explore more refined pruning strategies 
to maximize computational efficiency while maintaining model 
accuracy.

In summary, while the proposed segmentation network has 
demonstrated promising results, its practical application is hin-
dered by dataset dependency, limited generalization, and compu-
tational inefficiency. Future work will prioritize semi-supervised 
learning, transfer learning, and network pruning to enhance ro-
bustness and efficiency.
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