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Convolutional neural network-based methods have significantly enhanced the segmentation 
performance of biomedical images in recent years. Nevertheless, medical image segmentation 
presents a challenge marked by layout specificity, with limited variation between samples in 
medical datasets but significant variation within each individual sample. This aspect has been 
often overlooked by many models. Consequently, we propose a novel architecture called Attention 
based multi-scale nested network (AMNNet), specifically designed for efficient biomedical image 
segmentation. AMNNet comprises four components: early ReSidual U-CBAM (RSUC) modules and 
convolutional stages, a MLP stage in latent stage, and Convolutional Block Attention Modules 
(CBAM) integrated into the decoder stage. We introduce a lightweight CBAM to concentrate on 
regions proximate to the target and suppress extraneous features without substantial parameter 
increments. The RSUC module is proposed to combine receptive fields of different sizes, capturing 
comprehensive contextual information across various scales in medical samples. Extensive 
experiments conducted on the AMNNet reveal its outperformance compared to prevailing medical 
image segmentation methods across the ISIC2018, CVC-ClinicDB, CVC-ColonDB, BUSI, and GlaS 
datasets. Notably, AMNNet achieves Dice Similarity Coefficients (DSC) of 91.35%, 90.01%, 
90.80%, 81.61%, and 94.31%, respectively.

1. Introduction

Presently, cancer remains one of the most formidable threats to human health [1]. Its incidence and mortality rates consistently 
ranking among the highest of all diseases. Medical image segmentation plays a pivotal role in diverse clinical cancer diagnoses and has 
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garnered considerable research focus within the domain of medical image analysis [2–4]. Semantic segmentation outcomes aid in the 
detection of lesions within critical areas, including colorectal polyp examination, melanoma screening, colorectal adenocarcinoma, 
and breast cancer diagnosis. Consequently, these segmentation results enable doctors to accurately pinpoint the precise locations of 
cancerous lesions. This is a critical factor in the planning and guidance of surgical procedures, radiotherapy, and other therapeutic 
interventions. Achieving this necessitates access to an extensive repository of high-quality medical image datasets.

The manual annotation of medical image data is a laborious process. It necessitates collaboration with highly specialized medical 
experts and incurring substantial costs. An alternative to manual image segmentation is the creation of diagnostic support systems. 
These systems rely on automated computer-assisted segmentation, providing swifter, more precise, and more dependable solutions. 
This revolutionizes clinical procedures and elevates patient care. Computer-assisted diagnosis will relieve the burden on experts and 
lead to a reduction in overall treatment expenses.

Furthermore, the diversity and intricacy of medical image data require medical image segmentation networks to exhibit a requisite 
level of robustness [5]. With the widespread adoption of deep Convolutional Neural Networks (CNNs) in the field of computer vision, 
CNNs have quickly been utilized in medical image segmentation. This has significantly improved the efficiency of medical image 
segmentation. Additionally, CNN-based methodologies have surmounted the constraints associated with conventional segmentation 
techniques [6] across a range of medical imaging modalities, such as dermoscopy, endoscopy, ultrasound imaging, stained histopatho-
logical slides, computed tomography (CT), and magnetic resonance imaging (MRI). UNet [7], 3D U-Net [8], ResUNet [9], Dense-UNet 
[10], U-Net++ [11], and U-Net3+ [12] have been explicitly utilized for image segmentation across diverse medical imaging modali-
ties. These networks have yielded commendable segmentation outcomes on numerous demanding datasets, underscoring the efficacy 
of CNNs in acquiring discriminative features for organ and lesion segmentation in medical scans.

CNNs constitute a foundational element in the majority of contemporary image segmentation techniques. Nevertheless, within 
CNNs, individual convolutional kernels exclusively attend to local information across the entire image. Their primary design aims at 
local feature extraction at each layer, rendering them less proficient in yielding superior outcomes for regions with diverse shapes, 
intricate structures, and blurred boundaries.

Additionally, when tasked with segmenting a multitude of organs, tissues, vessels, tumors, and other structures in medical images, 
the presence of noise and low contrast in certain images frequently leads to diminished object-background distinguishability. Achiev-
ing precise segmentation of distinct organs, tissues, vessels, and tumors through conventional deep learning-based segmentation 
networks can pose challenges, especially in intricate medical image contexts.

Consequently, the task of medical image segmentation has consistently presented significant challenges. To tackle the mentioned 
challenges, we have designed an innovative medical image segmentation architecture known as AMNNet, meticulously crafted to 
enhance segmentation performance.

This paper’s primary contributions can be summarized as follows:
(1)We introduced CBAM [13], an attention mechanism module that fuses channel and spatial information. CBAM enhances feature 

representation, suppresses noise, adapts to diverse image conditions, improves segmentation accuracy, and mitigates overfitting 
concerns, thereby facilitating more precise identification and segmentation of medical structures and lesions.

(2)To capture comprehensive global contextual information across the stages, we devised the RSUC module and integrated it 
into the initial stages of the encoder. This is realized through a nested U-like architecture. At the lower level, we introduced the 
innovative RSUC module for extracting multiscale features within the stages. Meanwhile, at the top level, a structure resembling UNet 
is employed, with each early encoder stage housing an RSUC block. This dual-level configuration creates a nested U-like structure for 
the AMNNet network.

(3)We have validated the effectiveness of AMNNet using five publicly available datasets: GlaS [14], CVC-ClinicDB [15], CVC-
ColonDB [16], BUSI [17], and ISIC2018 [18,19]. The experimental results, along with a comparative analysis against existing 
computer vision methods, establish the superior performance and broader applicability of our approach.

2. Related work

2.1. Medical image segmentation

Long et al. [20] pioneered a fully convolutional network (FCN) comprising exclusively of convolutional layers tailored for seman-
tic segmentation. Following this, Ronneberger et al. [7] enhanced the FCN by employing an encoder-decoder architecture, UNet, to 
segment neural structures within Hela cells and electron microscopy stacks. In UNet [7], low-level and high-level feature maps are 
merged via skip connections. The high-level feature maps traverse deeper layers of the encoder network and continue through the 
decoder, while the low-level features originate from the initial network layers. This configuration can result in a semantic disparity 
between high-level and low-level features. Ibtehaz et al. [21] subsequently extended UNet and introduced the MultiResUNet architec-
ture, which incorporates convolutional layers with residual connections within the skip connections to mitigate disparities between 
encoder-decoder features. Valanarasu et al. [22] introduced a lightweight segmentation model known as UNext, constructed through 
the fusion of MLP [23] and UNet. UNext stands as the pioneering model that employs MLP-based convolutional neural networks 
for image segmentation. It substantially diminishes the parameter count and inference time, all the while upholding segmentation 
2

performance.
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2.2. Attention mechanism

Empirical evidence suggests that transformer-based models typically excel when trained on extensive datasets [24]. In contrast 
to datasets employed in visual applications, medical imaging data typically features a relatively smaller sample size. Valanarasu et 
al. [25] introduced a gated position-sensitive axial attention mechanism that integrates four gates to regulate the extent of positional 
embedding assigned to keys, queries, and values. These gates are adaptable learnable parameters, rendering the proposed mechanism 
viable for datasets of varying sizes.

Oktay et al. [26] introduced an attention U-Net structure that employs attention mechanisms for pancreas segmentation. Attention 
blocks are utilized to adapt feature maps in skip connections. Xiao et al. [27] developed a convolutional network with a weighted 
attention mechanism and integrated skip connections for high-resolution retinal vessel segmentation. Guo et al. [28] introduced a 
lightweight SA-UNet that excels on small datasets and effectively mitigates overfitting using the DropBlock mechanism. Hu et al. 
[29] created SeNet, utilizing the network’s attention mechanism to emphasize channel relationships, enabling automatic learning of 
the significance of different channel features. A limitation is its focus solely on feature channel relationships without incorporating 
contextual information linkage. Woo et al. [13] expanded upon SeNet’s concept and introduced CBAM, extending SeNet’s channel 
attention module (CAM) with a spatial attention module (SAM). CBAM encompasses both CAM and SAM sub-modules, catering 
to channel and spatial attention, respectively. CAM distinguishes itself from SeNet by incorporating a parallel max-pooling layer, 
enhancing comprehensive high-level feature extraction.

2.3. Multi-scale fusion

Successful medical image segmentation necessitates both local and global information integration. A 3x3 filter is adept at cap-
turing local features within each layer. Nonetheless, enlarging convolutional kernel sizes to encompass global information would 
substantially augment the network’s parameter count. Consequently, numerous studies have concentrated on extracting global fea-
tures. Cheng et al. [30] used Channel Attention Module to integrate features of different stages at channel level. Zhao et al. [31]
utilized pyramid pooling to extract global contextual information. Chen et al. [32] applied Atrous Spatial Pyramid Pooling (ASPP) 
with varying sampling rates and multiscale dilated convolutions to achieve multiscale fusion. To enhance the handling of decreased 
model detection performance attributed to small target sizes, Wu et al. [33] reconceptualized infrared small target detection. They 
reframed it as a semantic segmentation challenge rather than a typical object detection issue, thereby introducing UIU-Net. UIU-Net 
introduced Resolution-Maintaining Deep Supervision (RM-DS) networks [34] to acquire profound multiscale features and elevate 
global contextual representation.

Inspired by the above works, we design a new network model, AMNNet, for medical image segmentation. We introduced CBAM 
into AMNNet to better focus on the edge features of cancer sites or organ tissues in medical images. In addition, we also design the 
RSUC module and embed it into the network to better extract the global context information through multi-scale feature fusion, and 
achieve improved performance.

3. Proposed method

This section provides a detailed exposition of the AMNNet network model. We thoroughly expound upon its primary components, 
namely CBAM, the RSUC module, the tokenized MLP module, and the convolution module. Towards the conclusion of this section, 
we present the loss function employed in our approach.

3.1. The AMNNet architecture

AMNNet retains the foundational five-layer deep encoder-decoder structure of UNet [7], preserving the skip connections. Yet, 
we have reconfigured the design of each module, as depicted in Fig. 1. To enhance information acquisition, we introduce CBAM 
into the decoder stage, facilitating the model’s focus on pertinent data while discarding irrelevant information. In the initial encoder 
stages, we incorporate RSUC modules with varying depths, facilitating the capture of multi-scale features at different image processing 
stages. Additionally, we integrate CBAM modules within the RSUC modules, further amplifying the model’s performance. Moreover, 
we employ tokenized MLP modules in the latent stage of AMNNet and implement convolution blocks with reduced filters in the 
network’s final block (The number of filters for the convolution phase encoder that we use in the l1, l2, and l3 stages of the final 
block in AMNNet is (16,32,128) and the number of filters for the decoder is (16,16,32)), achieving the objective of sustaining superior 
segmentation performance while managing parameter growth.

3.2. Convolutional block attention module

Within the realm of medical imaging, the target structures requiring segmentation encompass a wide range, comprising organs, 
tissues, blood vessels, tumors, and beyond. These structures often manifest intricate shapes, sizes, and textural variations, thus inten-
sifying the complexity of image segmentation.

We present CBAM as a solution to tackle the aforementioned challenges. The attention mechanism operates by adaptively as-
signing weights and filtering information, enabling the extraction of valuable insights from a vast feature pool to enhance network 
3

training, and subsequently passing this enriched information to the convolution stack. The CBAM stands as a straightforward yet 
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Fig. 1. Illustration of our proposed AMNNet architecture.

Fig. 2. Convolutional block attention module.

highly efficient feedforward convolutional neural network attention module. CBAM consists of two distinct sub-modules: the channel 
attention module and the spatial attention module. As a lightweight and adaptable module, CBAM can be seamlessly integrated into 
any CNN architecture with minimal computational overhead.

When provided with an intermediate feature map as input, the initial step involves the calculation of a one-dimensional channel 
attention map, which is then multiplied with the said intermediate feature map. Subsequently, the 2D spatial attention map is 
computed and subjected to multiplication with the feature map from the preceding layer. In the process of multiplication, attention 
values are duplicated as necessary; channel attention values are disseminated across the spatial dimension, and vice versa. Fig. 2
illustrates the CBAM’s construction. The calculation method of CBAM is shown in formulas (1) and (2) below:

𝐹 ′ =𝑀𝑐 (𝐹 )⊗𝐹, (1)

𝐹 ′′ =𝑀𝑠

(
𝐹 ′)⊗𝐹 ′, (2)

In the above equations, 𝐹 ∈𝑅𝐶×𝐻×𝑊 represents the intermediate feature map, 𝑀𝑐 ∈𝑅𝐶×1×1 is the one-dimensional channel attention 
map, 𝑀𝑠 ∈ 𝑅1×𝐻×𝑊 is the two-dimensional spatial attention map, ⊗ denotes element-wise multiplication, and 𝐹 ′′ is the refined 
4

feature map.



Heliyon 10 (2024) e33892D. Cheng, J. Deng, J. Xiao et al.

Fig. 3. ReSidual U-CBAM module.

3.3. ReSidual U-CBAM module

In CNN design, such as VGG [35], ResNet [36], and DenseNet [37], etc., small convolution filters with a size of 1×1 or 3×3 
are the most commonly used components for feature extraction. They require less storage space and are computationally efficient. 
Nonetheless, 1x1 or 3x3 filters possess a restricted receptive field and cannot effectively encompass global information. This limitation 
results in shallow-level output features that primarily capture local characteristics. Drawing inspiration from U2-Net and UIU-Net 
in the realm of object detection, we have innovated the Residual U-CBAM module, denoted as RSUC, to capture multiscale features 
within each stage, thus augmenting the segmentation performance. Our RSUC mainly consists of three components. The structure of 
RSUC is visually depicted in Fig. 3.

Intermediate feature alignment part: An initial convolutional layer that aligns the channel count of the input feature map with 
that of the intermediate feature map. This layer operates using the intermediate feature map as its input for the purpose of learning 
and encoding deep multiscale features, as opposed to using the input image. This convolutional layer adheres to standard design 
principles for local feature extraction.

Layer variations and enhanced feature integration part: The architectural framework closely resembles UNet, but in AMNNet’s l1, 
l2, and l3, we introduce variations in the number of layers within the RSUC blocks of the encoder-decoder, and we also incorporate 
CBAM. With increasing network depth, the RSUC block incorporates a higher number of pooling and upsampling operations, which 
leads to an expanded receptive field and a more extensive array of local and global features. Thus, in cases of feature maps with larger 
dimensions, we deploy deeper networks to capture larger-scale information. In l1, we employ a 7-layer encoder-decoder. Conversely, 
in l2 and l3, where the feature map resolutions decrease, we opt for shallower networks to safeguard against the loss of valuable 
information, utilizing a 6-layer encoder in l2 and 5 layers in l3. Within each RSUC block, CBAM is introduced following the final 
downsampling phase, enabling the effective capture of Region of Interest (ROI) features within medical images while suppressing 
non-ROI features.

Subsequent to CBAM application, a dilated convolution layer is employed to enlarge the receptive field and acquire a greater 
amount of contextual information. In order to illustrate the influence of attention placement on performance, we performed four 
sets of comparative experiments on both the ISIC2018 dataset and the CVC-ClinicDB dataset. The outcomes of these experiments are 
presented in Table 1 and Table 2, respectively.

Local and multiscale feature fusion part: Ultimately, we integrate the local features with the multiscale feature residuals. The 
5

operations in RSUC can be summarized as shown in formula (3) below:
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Table 1

Comparison results of 5 different models on ISIC2018 dataset. We designate the complete network formed by removing CBAM 
between the encoder and decoder in the early stages of the AMNNet encoder as AMNNet-C1. The full network, where CBAM 
is excluded from the early stages of the AMNNet encoder between the encoder and decoder but added to both the encoder and 
decoder, is denoted as AMNNet-C1+C2. The comprehensive network, where CBAM is omitted from the early stages of the AMNNet 
encoder between the encoder and decoder but added to the encoder, is labeled as AMNNet-C1+C3. The overall network, created 
by removing CBAM between the encoder and decoder in the early stages of the AMNNet encoder and introducing it to the decoder, 
is identified as AMNNet-C1+C4.

Model Encoder 
CBAM

Encoder-CBAM-
Decoder

Decoder 
CBAM

DSC IoU TPR PPV Parameters

AMNNet-C1 90.89 83.78 89.75 92.51 1.64M
AMNNet-C1+C2

√ √
91.00 83.90 90.51 91.98 1.64M

AMNNet-C1+C3
√

90.92 83.70 90.32 92.00 1.64M

AMNNet-C1+C4
√

90.83 83.54 89.69 92.59 1.64M

AMNNet(Ours)
√

91.35 84.36 90.96 92.14 1.64M

Table 2

Comparison results of 5 different models on CVC-ClinicDB dataset.

Model Encoder 
CBAM

Encoder-CBAM-
Decoder

Decoder 
CBAM

DSC IoU TPR PPV Parameters

AMNNet-C1 88.79 80.21 88.63 89.31 1.64M
AMNNet-C1+C2

√ √
89.16 80.86 87.48 91.39 1.64M

AMNNet-C1+C3
√

86.83 77.37 87.35 87.08 1.64M

AMNNet-C1+C4
√

88.45 79.82 86.60 90.99 1.64M

AMNNet(Ours)
√

90.01 82.23 89.18 91.17 1.64M

𝐹𝑅𝑆𝑈𝐶 (𝑥) =𝑈 (𝑓 (𝑥)) + 𝑓 (𝑥) , (3)

where 𝑓 (𝑥) represents the input intermediate feature map, and U stands for the RSUC block that resembles a UNet.

3.4. Tokenized MLP module and convolutional module

Within the tokenized MLP module, the initial step involves feature relocation and projection into tokens. Subsequently, these 
tokens are directed to the shifted MLP (along the width), with the hidden dimension of the MLP determined by the hyperparameter 
H. Lastly, layer normalization (LN) is applied, and the resulting features are passed to the next module. In the final module of the 
AMNNet network, convolutional modules with a reduced number of filters are utilized. Each convolutional module comprises a 
convolutional layer, a batch normalization layer, and a ReLU activation layer.

3.5. Dice loss

The Dice Coefficient loss (DL) addresses the issue of imbalance between background and foreground pixels by adjusting the seg-
mentation evaluation metric, the Dice Similarity Coefficient (DSC), between the predicted samples and the ground truth annotations. 
It has demonstrated superior performance in segmentation tasks. The formula (4) is shown as follows:

𝐷𝐿 (𝑝, 𝑔) = 1 −
2
∑𝑁

𝑖=1 𝑝𝑖𝑔𝑖 + 𝛼

∑𝑁

𝑖=1 𝑝
2
𝑖
+
∑𝑁

𝑖=1 𝑔
2
𝑖
+ 𝛼

, (4)

Here, 𝛼, which falls within the range [0, 1], represents a tunable parameter crafted to prevent zero errors and enhance gradient 
propagation for negative samples [38].

4. Experiments and results

4.1. Dataset

To assess the efficacy of AMNNet, we utilized five publicly available biomedical imaging datasets: GlaS, CVC-ClinicDB, CVC-
ColonDB, BUSI, and ISIC2018. Notably, BUSI encompasses ultrasound images of breast cancer cases, encompassing normal, benign, 
and malignant instances, accompanied by their respective segmentation masks. For experimental purposes, we exclusively selected 
the malignant images, amounting to a total of 210. Table 3 lists detailed information about the datasets. These datasets all comprise 
images and their associated ground truth masks. These chosen datasets are frequently employed in biomedical image segmentation 
tasks. The selection of datasets from diverse imaging modalities and distinct anatomical regions aims to evaluate the performance 
6

and robustness of the proposed approach.
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Table 3

Medical datasets used in our experiments.

Dataset Modality Images Original 
Resolution

Input 
Resolution

Train Test

CVC-ClinicDB [15] Endoscopy 612 384×288 384×384 490 122
CVC-ColonDB [16] Colonoscopy 380 574×500 384×384 304 76
ISIC2018 [18,19] Dermoscopy 2594 Variable 512×512 2075 519
BUSI [17] Ultrasound 210 Variable 384×384 168 42
GlaS [14] H&E Stained Histological Sections 165 Variable 384×384 132 33

4.2. Evaluation metrics

We chose several performance evaluation metrics for the network models, including the dice similarity coefficient (DSC), inter-
section over union (IoU), true positive rate (TPR), positive predictive value (PPV), and the number of parameters. DSC and IOU 
quantify the similarity between segmented regions and ground truth regions. TPR assesses the segmentation model’s performance, 
specifically its capability to accurately detect true positives. A higher TPR value signifies a model’s improved capacity to accurately 
detect true positive cases, indicating heightened sensitivity. PPV is another metric for evaluating the segmentation model’s perfor-
mance, specifically measuring the proportion of identified positives that are true positives. A higher PPV value signifies the model’s 
enhanced accuracy in identifying positives, indicating higher precision. The parameter count reflects the model’s complexity and 
capacity, where smaller parameter counts indicate reduced model size and complexity. The definitions of DSC, IOU, TPR, and PPV 
are shown in formulas (5), (6), (7), and (8) below:

𝐷𝑆𝐶 =
2 |||𝐼𝑔𝑡

⋂
𝐼𝑝𝑟𝑒𝑑

|||
|||𝐼𝑔𝑡

|||+
|||𝐼𝑝𝑟𝑒𝑑

|||
= 2𝑇𝑃

2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
(5)

𝐼𝑜𝑈 =
|||𝐼𝑔𝑡

⋂
𝐼𝑝𝑟𝑒𝑑

|||
|||𝐼𝑔𝑡

⋃
𝐼𝑝𝑟𝑒𝑑

|||
= 𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
(6)

𝑇𝑃𝑅 =
𝐼𝑔𝑡

⋂
𝐼𝑝𝑟𝑒𝑝

𝐼𝑔𝑡
= 𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(7)

𝑃𝑃𝑉 =
𝐼𝑔𝑡

⋂
𝐼𝑝𝑟𝑒𝑝

𝐼𝑝𝑟𝑒𝑝
= 𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(8)

In this context, TP, FP, and FN represent True Positives, False Positives, and False Negatives, respectively. 𝐼𝑔𝑡 and 𝐼𝑝𝑟𝑒𝑝 refer to the 
ground truth segmentation and predicted segmentation, respectively.

4.3. Implementation details

We trained and evaluated the proposed model on a workstation equipped with an NVIDIA RTX 3060 GPU. We used the Adam 
optimizer with a learning rate of 0.0001 for the ISIC2018 dataset and a learning rate of 0.001 for the BUSI, GlaS, CVC-ClinicDB and 
CVC-ColonDB datasets. The momentum was set to 0.9. Additionally, we employed a cosine annealing learning rate scheduler with a 
minimum learning rate of 0.00001. The batch size was set to 8. AMNNet was trained for a total of 400 epochs. 80% of the dataset was 
used for training, while the remaining 20% was reserved for testing. For ISIC2018, the image size was adjusted to 512×512, whereas 
images from CVC-ClinicDB, CVC-ColonDB, BUSI, and GlaS were resized to a resolution of 384×384.

4.4. Experimental results

4.4.1. Method comparisons

In this section, we will present a comparison of AMNNet with other state-of-the-art methods.
(1) Comparison on ISIC-2018 Skin Lesion Segmentation Challenge: Melanoma is a common form of cancer, and automated diag-

nostic tools for skin lesions can help in accurately detecting melanoma, potentially saving up to 99% of cases [39]. The quantitative 
results for ISIC2018 are summarized in Table 4. Our method achieved remarkable metrics: a DSC of 91.35%, an IoU of 84.36%, a TPR 
of 90.96%, and a PPV of 92.14%. Notably, our results closely resemble those of Attention UNet [26] in terms of DSC, IoU, TPR, and 
PPV, while significantly reducing the parameter count by 33.24M compared to Attention UNet. We also outperform Attention UNet 
with improvements of 0.63% in DSC and 0.9% in IoU. Additionally, our TPR and PPV exhibit enhancements of 1.13% and 0.9%, 
respectively, compared to UNext. The network’s melanoma segmentation capabilities are visually evident through the comparison of 
ground truth and predicted masks (Fig. 4).

(2) Comparison on CVC-ClinicDB: Early detection of polyps, which can potentially progress into colorectal cancer, significantly 
improves survival rates [42]. In our experiments, we selected the widely-used colonoscopy dataset, CVC-ClinicDB. The quantitative 
7

evaluation of AMNNet is presented in Table 5, while the qualitative results are depicted in Fig. 5. From the quantitative results, our 
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Fig. 4. Figure displays the qualitative results of UNet, ResUNet, Attention UNet, MedT, UNext, MALUNet, EGE-UNet, EAV-UNet, and Our method on the ISIC2018 
8

dataset.
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Table 4

Comparison results of UNet, ResUNet, Attention UNet, MedT, UNext, MALUNet, 
EGE-UNet, EAV-UNet, and Our method on the ISIC2018 dataset.

Method DSC IoU TPR PPV Parameters

UNet [7] 85.14 75.01 80.71 91.55 31.04M
ResUNet [9] 86.48 76.91 82.86 91.45 31.56M
Attention UNet [26] 90.72 83.46 90.68 91.13 34.88M
MedT [25] 88.27 79.70 85.72 91.66 1.56M
UNext [22] 90.21 82.84 89.83 91.24 1.47M
MALUNet [30] 88.83 80.57 90.33 88.09 0.175M
EGE-UNet [40] 89.22 81.21 87.45 91.76 0.053M

EAV-UNet [41] 86.93 77.46 84.96 90.02 32.67M
Ours 91.35 84.36 90.96 92.14 1.64M

Table 5

Comparison results of UNet, ResUNet, Attention UNet, MedT, UNext, MALUNet, 
EGE-UNet, EAV-UNet, and Our method on the CVC-ClinicDB dataset.

Method DSC IoU TPR PPV Parameters

UNet [7] 82.71 71.17 79.44 87.25 31.04M
ResUNet [9] 86.19 76.08 81.98 91.91 31.56M
Attention UNet [26] 83.59 72.58 79.07 89.76 34.88M
MedT [25] 67.38 58.88 60.39 82.67 1.56M
UNext [22] 86.71 77.04 83.58 90.82 1.47M
MALUNet [30] 71.78 56.45 69.29 76.10 0.175M
EGE-UNet [40] 63.95 47.35 65.22 64.58 0.053M

EAV-UNet [41] 85.39 74.95 80.21 92.25 32.67M
Ours 90.01 82.23 89.18 91.17 1.64M

Table 6

Comparison results of UNet, ResUNet, Attention UNet, MedT, UNext, MALUNet, 
EGE-UNet, EAV-UNet, and Our method on the CVC-ColonDB dataset.

Method DSC IoU TPR PPV Parameters

UNet [7] 78.35 65.41 74.62 85.57 31.04M
ResUNet [9] 86.27 76.31 84.47 88.70 31.56M
Attention UNet [26] 61.26 45.36 59.73 68.41 34.88M
MedT [25] 50.51 34.50 48.86 57.97 1.56M
UNext [22] 84.98 74.51 82.95 87.99 1.47M
MALUNet [30] 63.36 48.09 66.84 63.53 0.175M
EGE-UNet [40] 53.17 38.04 70.76 48.06 0.053M

EAV-UNet [41] 86.93 77.46 84.96 90.02 32.67M
Ours 90.80 83.41 90.10 91.58 1.64M

method achieved a DSC of 90.01%, an IoU of 82.23%, a TPR of 89.18%, and a PPV of 91.17%. Compared to the best-performing 
method, UNext, our approach exhibited a 3.3% increase in DSC, a 5.19% increase in IoU, a 5.6% increase in TPR, and a 0.35% 
increase in PPV. Despite EGE-UNet having 1.59M less parameters than AMNNet, AMNNet outperformed EGE-UNet by 26.06% in 
DSC and 34.88% in IoU. In comparison to MedT, our method demonstrated a 28.79% increase in TPR and an 8.5% increase in PPV. 
Although ResUNet had a 0.74% higher PPV than AMNNet, AMNNet outperformed ResUNet by 7.2% in TPR.

(3) Comparison on CVC-ColonDB: CVC-ColonDB is the second polyp dataset used in our experiments. The quantitative results 
are shown in Table 6. In terms of segmentation performance, our method outperforms other state-of-the-art methods. Specifically, 
our method achieves a DSC of 90.80% and an IoU of 83.41%. Compared to EAV-UNet, our method improves by 3.87% and 5.95%, 
respectively. Compared to ResUNet, our method increases DSC and IoU by 4.53% and 7.1%, respectively. In terms of TPR and 
PPV, our method achieves 90.10% and 91.58%, respectively. Compared to the method with the fewest parameters, EGE-UNet, our 
method increases TPR by 19.34% and PPV by 43.52%. Compared to UNext, our method improves TPR by 7.15% and PPV by 3.59%. 
Qualitative results are shown in Fig. 6.

(4) Comparison on BUSI: Breast cancer stands as a significant cause of female mortality worldwide, underscoring the importance of 
early detection in reducing premature deaths. In our research, we utilized a breast ultrasound dataset, BUSI, to assess the performance 
of AMNNet. The quantitative results presented in Table 7 reveal that our method achieved a DSC of 81.61% and an IoU of 69.04%. 
When compared to the state-of-the-art UNext, our method demonstrated a noteworthy improvement, enhancing DSC by 3.84% and 
IoU by 5.16%. AMNNet improved DSC by 13.84% and IoU by 17.2% compared to MALUNet. AMNNet exhibited a TPR of 82.09% and 
a PPV of 81.78%, marking substantial enhancements of 11.68% and 17.05%, respectively, in comparison to EGE-UNet, despite the 
9

latter having only 0.053M parameters. In comparison to MedT, our approach showcased remarkable progress with a 27.14% increase 
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Fig. 5. Figure displays the qualitative results of UNet, ResUNet, Attention UNet, MedT, UNext, MALUNet, EGE-UNet, EAV-UNet, and Our method on the CVC-ClinicDB 

dataset.
10



Heliyon 10 (2024) e33892D. Cheng, J. Deng, J. Xiao et al.

Fig. 6. Figure displays the qualitative results of UNet, ResUNet, Attention UNet, MedT, UNext, MALUNet, EGE-UNet, EAV-UNet, and Our method on the CVC-ColonDB 
datasets.

Table 7

Comparison results of UNet, ResUNet, Attention UNet, MedT, UNext, MALUNet, 
EGE-UNet, EAV-UNet, and Our method on the BUSI dataset.

Method DSC IoU TPR PPV Parameters

UNet [7] 71.96 56.39 69.92 75.60 31.04M
ResUNet [9] 74.37 59.48 70.93 78.75 31.56M
Attention UNet [26] 74.10 59.26 70.49 79.39 34.88M
MedT [25] 53.12 39.45 54.95 61.96 1.56M
UNext [22] 77.77 63.88 76.74 80.24 1.47M
MALUNet [30] 67.77 51.84 66.18 72.00 0.175M
EGE-UNet [40] 65.86 49.41 70.41 64.73 0.053M

EAV-UNet [41] 73.82 59.23 78.51 71.59 32.67M
Ours 81.61 69.04 82.09 81.78 1.64M

Table 8

Comparison results of UNet, ResUNet, Attention UNet, MedT, UNext, MALUNet, 
EGE-UNet, EAV-UNet, and Our method on the GlaS dataset.

Method DSC IoU TPR PPV Parameters

UNet [7] 93.40 87.69 93.52 93.34 31.04M
ResUNet [9] 93.52 87.91 93.63 93.50 31.56M
Attention UNet [26] 93.27 87.49 93.06 93.52 34.88M
MedT [25] 78.91 66.80 89.63 73.34 1.56M
UNext [22] 93.24 87.47 93.81 92.68 1.47M
MALUNet [30] 84.28 73.48 79.32 90.76 0.175M
EGE-UNet [40] 87.85 78.53 91.16 84.85 0.053M

EAV-UNet [41] 93.30 87.54 95.65 91.09 32.67M
Ours 94.31 89.33 94.21 94.45 1.64M

in TPR and a 19.82% surge in PPV. The segmentation capabilities of our method, accurately delineating lesions of varying sizes, are 
visually evident in Fig. 7.

(5) Comparison on GlaS: Colorectal adenocarcinoma, the most prevalent form of colon cancer, originates from glandular structures 
in the colon [14]. In clinical practice, quantifying gland morphology enables pathologists to assess patient prognosis and tailor 
personalized treatments based on the morphological characteristics of colonic glands, encompassing their structural appearance 
and glandular formation. Our experiments were conducted using the GlaS dataset. The quantitative results presented in Table 8
demonstrate that our method achieved a DSC of 94.31% and an IoU of 89.33%, indicating an improvement of 0.79% and 1.42% 
compared to the high-performing ResUNet. In comparison to Attention UNet, our approach showcased a 1.04% increase in DSC and a 
1.84% increase in IoU. Compared with EAV-UNet, DSC and IoU of AMNNet increased by 1.01% and 1.79% respectively. Concerning 
TPR and PPV, our method exhibited 94.21% and 94.45%, showcasing improvements of 4.58% and 21.11% compared to MedT. These 
enhancements amounted to 3.05% and 9.6% in comparison to EGE-UNet. As seen in the results in Fig. 7, it is evident that AMNNet’s 
predicted masks most closely resemble the ground truth masks.

4.5. Ablation study

To assess the efficacy of the various modules developed in our experiments and study their effectiveness in melanoma, polyp, 
breast cancer, and gland segmentation, we employed a controlled variable approach to evaluate the network’s performance across 
the ISIC2018, CVC-ClinicDB, CVC-ColonDB, BUSI, and GlaS datasets. Table 9, Table 10, Table 11, Table 12, and Table 13 present 
the influence of each module on the precision of melanoma, polyp, breast cancer, and gland segmentation. These tables reveal that 
the CBAM and RSUC modules effectively identify and delineate lesion regions within the images, resulting in enhanced segmentation 
11

accuracy.
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Fig. 7. Figure displays the qualitative results of UNet, ResUNet, Attention UNet, MedT, UNext, MALUNet, EGE-UNet, EAV-UNet, and Our method on the BUSI and 

GlaS datasets.
12
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Table 9

Ablation studies of each module on the ISIC2018 dataset.

Method DSC IoU TPR PPV Parameters

MLP+Conv stage(L+R)(baseline) 90.21 82.84 89.83 91.24 1.47M

MLP+Conv stage(L+R)+CBAM 90.91 83.62 90.09 92.16 1.47M

MLP+RSUC+Conv stage(R)+CBAM(Ours) 91.35 84.36 90.96 92.14 1.64M

Table 10

Ablation studies of each module on the CVC-ClinicDB dataset.

Method DSC IoU TPR PPV Parameters

MLP+Conv stage(L+R)(baseline) 86.71 77.04 83.58 90.82 1.47M

MLP+Conv stage(L+R)+CBAM 87.90 78.98 88.03 88.06 1.47M

MLP+RSUC+Conv stage(R)+CBAM(Ours) 90.01 82.23 89.18 91.17 1.64M

Table 11

Ablation studies of each module on the CVC-ColonDB dataset.

Method DSC IoU TPR PPV Parameters

MLP+Conv stage(L+R)(baseline) 84.98 74.51 82.95 87.99 1.47M

MLP+Conv stage(L+R)+CBAM 88.85 80.34 87.47 90.58 1.47M

MLP+RSUC+Conv stage(R)+CBAM(Ours) 90.80 83.41 90.10 91.58 1.64M

Table 12

Ablation studies of each module on the BUSI dataset.

Method DSC IoU TPR PPV Parameters

MLP+Conv stage(L+R)(baseline) 77.77 63.88 76.74 80.24 1.47M

MLP+Conv stage(L+R)+CBAM 80.10 66.86 78.98 81.99 1.47M

MLP+RSUC+Conv stage(R)+CBAM(Ours) 81.61 69.04 82.09 81.78 1.64M

Table 13

Ablation studies of each module on the GlaS dataset.

Method DSC IoU TPR PPV Parameters

MLP+Conv stage(L+R)(baseline) 93.24 87.47 93.81 92.68 1.47M

MLP+Conv stage(L+R)+CBAM 93.59 88.07 93.74 93.47 1.47M

MLP+RSUC+Conv stage(R)+CBAM(Ours) 94.31 89.33 94.21 94.45 1.64M

4.6. Cross validation

In order to further evaluate the performance and verify the robustness of the model, we conducted five 5-fold cross-validations on 
the BUSI and GlaS datasets, and the results were shown in Table 14 and 15. We divided the data set into five equal parts, using four 
of them as the training set and the remaining one as the test set. So, do five training and testing sessions. The experimental results in 
Table 14 and 15 indicate the robustness of AMNNet.

5. Discussion

Accurate medical image segmentation results serve as crucial clinical indicators, assisting healthcare professionals in cancer di-
agnosis and enhancing patient care. However, medical images often exhibit noise, artifacts, low contrast, and unclear boundaries 
between pathological and normal tissues. Furthermore, some images originate from different modalities or scanning devices, compli-
cating the precise segmentation of tumors, organs, and tissues. To address these challenges, we introduced the CBAM to the decoder of 
the AMNNet. This strategic integration aligns the network’s focus on the extraction of essential features while suppressing irrelevant 
information, including noise, thereby enhancing segmentation performance. While traditional medical image segmentation methods 
demonstrate commendable segmentation capabilities, they possess certain limitations. For instance, UNet, ResNet, DenseNet, and 
UNet++ primarily rely on relatively uniform convolution kernels, making it challenging to extract features across various scales. To 
better capture phased multi-scale features within the images, we developed the RSUC module, which is seamlessly integrated into the 
early stages of the AMNNet encoder, resulting in improved segmentation performance. In the initial encoder stage (l1), characterized 
by larger-sized feature maps in shallow stages, we employ the RSUC module with a parameter L=7 to capture information on a 
larger scale. Conversely, as we progress to the l2 and l3 stages, where feature map sizes decrease, we employ RSUC modules with 
13

L=6 and L=5, respectively, to prevent the loss of vital information. In the RSUC module, we also incorporate the CBAM module to 
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Table 14

Method 1,2,3,4,5 is the result of our 5 cross-validations 
on the BUSI dataset, Mean value is the mean of our 5 re-
sults, and the last line is the result of our original training 
set 80% and test set 20% random splitting on BUSI.

Method DSC IoU TPR PPV

1 81.97 70.03 77.94 88.03
2 81.60 69.37 84.79 79.80
3 80.43 68.05 78.47 84.19
4 81.05 68.77 79.76 83.85
5 80.59 68.47 78.72 85.02
Mean value 81.13 68.94 79.94 84.18
Ours 81.61 69.04 82.09 81.78

Table 15

Method 1,2,3,4,5 is the result of our 5 cross-validations 
on the GlaS dataset, Mean value is the mean of our 5 re-
sults, and the last line is the result of our original training 
set 80% and test set 20% random splitting on GlaS.

Method DSC IoU TPR PPV

1 94.27 89.17 95.46 93.15
2 94.55 89.66 93.60 95.52
3 94.21 89.06 94.77 93.67
4 94.65 89.84 92.97 96.41
5 93.98 88.68 92.21 95.91
Mean value 94.33 89.28 93.80 94.93
Ours 94.31 89.33 94.21 94.45

optimize segmentation performance. Analysis of Table 1 and Table 2 consistently reveals that the positioning of the CBAM module 
within the RSUC module yields varying results. Notably, the highest model performance is achieved when CBAM is placed between 
the encoder and decoder. This strategic placement balances feature extraction and integration, thereby enhancing model robustness 
and performance. However, incorporating CBAM solely in the encoder presents limitations since the spatial feature maps at the onset 
of the encoder stage are too extensive with inadequate channel capacity, resulting in an insufficient ability to capture specific features 
and, consequently, limited performance improvements.

In practical clinical settings, the performance of deep learning-based segmentation methods often deteriorates due to variations 
in imaging protocols and patient characteristics. Models capable of generalizing across multiple medical center datasets are highly 
desirable in clinical applications [43]. As evidenced by the segmentation results presented in Figs. 4, 5, 6, and 7, and the experimental 
data provided in Tables 4, 5, 6, 7, and 8, AMNNet outperforms UNet, ResUNet, Attention UNet, MedT, UNext, MALUNet, EGE-UNet and 
EAV-UNet on ISIC2018, CVC-ClinicDB, CVC-ColonDB, BUSI, and GlaS datasets, respectively, in terms of segmentation performance. 
The experimental data in Tables 9, 10, 11, 12, and 13 clearly demonstrate that the inclusion of the CBAM module and the integration 
of the RSUC module within the early stages of the AMNNet encoder significantly enhance the model’s segmentation performance 
across the ISIC2018, CVC-ClinicDB, CVC-ColonDB, BUSI, and GlaS datasets. These results underscore the versatility of our proposed 
AMNNet, attributable to the RSUC module’s capacity to capture phased multi-scale features while retaining representative features 
within different categories.

While AMNNet demonstrates effective model performance optimization, it is important to note that it does not possess the fewest 
parameters, as indicated in Tables 4, 5, 6 7, 8, 9, 10, 11, 12, and 13. When compared to UNet, ResUNet, Attention UNet, and EAV-
UNet our model boasts a reduction in parameters by 29.4M, 29.92M, 33.24M and 31.03M, respectively. However, it is essential to 
acknowledge that it exhibits a marginal increase of 0.08M, 0.17M, 1.465M, and 1.587M in parameters when contrasted with MedT, 
UNext, MALUNet, and EGE-UNet. Therefore, future research endeavors will be directed towards the development of more lightweight 
models tailored for practical applications.

6. Conclusion

Cancer is a significant health concern with life-threatening implications. Various cancer types can impact multiple organs and 
systems, resulting in functional disruptions. Inaccurate segmentation of organs, tissues, and tumors can lead to medical misdiagnoses 
with severe repercussions. In this paper, we design the AMNNet architecture for the segmentation of medical images. The AMNNet 
model incorporates CBAM, which dynamically adjusts feature map weights using channel and spatial attention mechanisms to empha-
size specific regions and structures in medical images while suppressing irrelevant information. Furthermore, we propose the RSUC 
module, integrated into the initial stages of the AMNNet encoder, to capture more comprehensive local and global information from 
shallow and deep layers, thus enhancing segmentation performance. Our experiments provide evidence that AMNNet surpasses sev-
eral state-of-the-art computer vision methods on five distinct biomedical datasets, showcasing its superior segmentation performance 
14

and its potential to enhance automated cancer disease analysis and intelligent diagnosis.
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