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A B S T R A C T

In this study, we propose a modified version of the widely used UNet architecture, enhanced by the integration of 
recurrent blocks at each step of the encoder (down-sampling) and decoder (up-sampling) stages. The proposed 
Recurrent UNet (R-UNet) architecture aims to improve the performance of semantic segmentation tasks by 
allowing the model to capture temporal dependencies and long-range contextual information. The R-UNet ar
chitecture consists of two main components: a recurrent encoder and a recurrent decoder. The recurrent encoder 
is composed of a series of convolutional and recurrent blocks, which extract features from the input image and 
propagate them across time. The recurrent decoder consists of a similar series of convolutional and recurrent 
blocks, which use the extracted features to generate the final segmentation mask. An attention mechanism is 
employed to enhance feature extraction at the bottleneck of the model. The proposed R-UNet architecture is 
evaluated on multiple benchmark datasets, including those for liver segmentation, brain tumor detection, 
mitochondria segmentation, lung imaging, a proprietary lung CT COVID-19 dataset, as well as various multi- 
organ imaging datasets. The experimental results demonstrate that the proposed R-UNet architecture out
performs the standard UNet architecture and several other state-of-the-art semantic segmentation models in 
terms of accuracy score, achieving an overall accuracy of 97.2 % on the Mitochondria dataset, 97.83 % on the 
Liver dataset, 89.17 % on the Tumor dataset and 97.22 % Lung dataset.

1. Introduction

Medical image segmentation is a vital area of research in biomedical 
image analysis, as it plays a crucial role in enhancing diagnosis and 
treatment for various diseases. Despite the considerable progress in deep 
learning methodologies, existing segmentation techniques, particularly 
those employing meta-learning strategies, encounter significant chal
lenges [1]. For example, many traditional models struggle with gener
alization across diverse datasets, leading to diminished performance in 
real-world clinical scenarios. Additionally, the reliance on large, 
well-annotated datasets presents a barrier to the practical application of 
these techniques, especially in environments where access to labelled 
data is limited [2]. This highlights a pressing need for innovative 

approaches that can effectively address these shortcomings while 
ensuring robust performance across different imaging modalities and 
conditions. In light of these challenges, our research introduces the 
R-UNet architecture, designed to overcome the limitations of conven
tional segmentation models. By integrating recurrent connections and 
attention mechanisms, R-UNet enhances the capacity to capture 
long-range dependencies within medical images, a critical factor given 
that anatomical structures can exhibit variability over time or across 
different imaging perspectives. The inclusion of attention mechanisms 
enables the model to focus on the most clinically relevant areas, ulti
mately improving segmentation accuracy and reliability. This develop
ment not only aims to address the current gaps in medical image 
segmentation but also seeks to facilitate the integration of AI-driven 

* Corresponding author.
E-mail addresses: engineerahmed204@gmail.com (A. Alweshah), r.barzamini.eng@iauctb.ac.ir (R. Barzamini), fhajati@une.edu.au (F. Hajati), Shoorangiz@iau. 

ac.ir (S.S.S. Farahani), m.arabian.eng@iauctb.ac.ir (M. Arabian), b.sohani@lboro.ac.uk (B. Sohani). 

Contents lists available at ScienceDirect

Franklin Open

journal homepage: www.elsevier.com/locate/fraope

https://doi.org/10.1016/j.fraope.2024.100182
Received 26 June 2024; Received in revised form 11 October 2024; Accepted 11 November 2024  

Franklin Open 9 (2024) 100182 

Available online 17 November 2024 
2773-1863/Crown Copyright © 2024 Published by Elsevier Inc. on behalf of The Franklin Institute. This is an open access article under the CC BY license 
( http://creativecommons.org/licenses/by/4.0/ ). 

mailto:engineerahmed204@gmail.com
mailto:r.barzamini.eng@iauctb.ac.ir
mailto:fhajati@une.edu.au
mailto:Shoorangiz@iau.ac.ir
mailto:Shoorangiz@iau.ac.ir
mailto:m.arabian.eng@iauctb.ac.ir
mailto:b.sohani@lboro.ac.uk
www.sciencedirect.com/science/journal/27731863
https://www.elsevier.com/locate/fraope
https://doi.org/10.1016/j.fraope.2024.100182
https://doi.org/10.1016/j.fraope.2024.100182
http://crossmark.crossref.org/dialog/?doi=10.1016/j.fraope.2024.100182&domain=pdf
http://creativecommons.org/licenses/by/4.0/


tools into clinical workflows, thereby enhancing diagnostic accuracy 
and patient outcomes.

Medical image segmentation is one of the most important and 
challenging tasks in biomedical image analysis, as it can affect the 
diagnosis and treatment of various diseases and conditions [3–6]. Ac
cording to a recent report, the global medical image analysis software 
market is expected to reach $4.51 billion by 2025, with a compound 
annual growth rate of 8.1 % [1]. However, medical image segmentation 
faces several difficulties, such as the variability of anatomical structures, 
the noise and artifacts in medical images, and the need for accurate and 
robust segmentation methods for diagnosis and treatment planning [2].

Semantic segmentation is a crucial task in medical image analysis 
that involves assigning a label to each pixel in an image to delineate 
anatomical structures or pathological regions. Deep learning techniques 
have become widely applied in the field of medical image segmentation 
[7,8]. In recent years, deep learning-based approaches [9–14] have 
shown significant promise in medical image segmentation, with the 
UNet architecture being a popular choice due to its ability to capture 
both local and global contextual information. The research on R-UNet is 
consistent with broader trends in medical image analysis, particularly in 
the development of deep learning methodologies to enhance diagnostic 
accuracy and streamline clinical workflow. However, the standard UNet 
architecture [15] does not explicitly model temporal dependencies, 
which can limit its ability to capture long-range contextual information 
in medical images. This is also a major issue in most UNet methods [16,
17].

To overcome this limitation, a modified UNet architecture is intro
duced, incorporating recurrent blocks at each stage of the encoder and 
decoder pathways. By incorporating recurrent layers and attention 
mechanisms, R-UNet addresses the demand for more context awareness 
and fine-grained segmentation, which is critical for tasks such as tumor 
identification and disease classification in medical images. Its ability to 
capture spatial-temporal dependencies and contextual information 
across images is pivotal in dealing with the inherent complexities of 
medical images, ultimately leading to more accurate segmentation re
sults. This is in line with the overall trend towards automation in med
ical image analysis, with the aim of improving diagnostic accuracy while 
reducing the burden on healthcare professionals [18–20].

Furthermore, R-UNet’s integration of attention mechanisms allows it 
to selectively focus on the most relevant regions of an image, which is 
crucial in the medical domain where subtle differences in tissue struc
ture or texture can be indicative of disease. Attention mechanisms 
ensure that the model emphasizes these critical regions, potentially 
reducing false negatives in sensitive applications such as tumor detec
tion. This targeted focus, combined with the recurrent layers’ ability to 
capture long-range dependencies, enhances the network’s capacity to 
model spatial relationships across multiple frames or slices of medical 
data, such as MRI or CT scans. The result is a more coherent and con
textually aware segmentation, improving the model’s performance in 
segmenting irregular and complex anatomical structures.

In the context of medical image analysis, the need for robust, auto
mated tools like R-UNet is growing due to the sheer volume of medical 
images generated daily. Manual analysis by radiologists is time- 
consuming, prone to human error, and subject to variability between 
professionals. By leveraging deep learning models like R-UNet, health
care systems can streamline the diagnostic process, offering consistent, 
reproducible results while maintaining high accuracy. This shift towards 
automation has the potential to enhance diagnostic workflows, allowing 
clinicians to focus on more complex cases or treatment decisions, ulti
mately improving patient outcomes. The ongoing research and devel
opment in this field are driving a new era of precision medicine, where 
AI-assisted tools complement human expertise to deliver faster, more 
reliable diagnoses.

In addition, the proposed approach involves additional skip con
nections that improve the extraction of features by emphasizing the 
importance of high-level features. To evaluate the performance of the 

proposed R-UNet architecture, different experiments are conducted on 
several medical image segmentation datasets, including the liver data
set, brain tumor dataset, and Mitochondria dataset. The experimental 
results demonstrate that the R-UNet architecture outperforms the stan
dard UNet architecture and several other state-of-the-art semantic seg
mentation models in terms of segmentation accuracy improvement by 
1.08 %, 3.02 % 4.1 %, and 7.16 % for the liver, brain Tumor, COVID-19, 
and Mitochondria datasets, respectively [21,22].

Beyond accuracy improvements, the proposed R-UNet architecture 
also demonstrates its ability to generalize effectively across diverse 
medical imaging modalities. Each dataset used in the experiments pre
sents unique challenges—such as organ-specific tissue variability in liver 
images, complex structural irregularities in brain tumors, and intricate 
patterns in Mitochondria microscopy images. The ability of R-UNet to 
consistently outperform other models across these varied datasets 
speaks to its versatility. In medical image segmentation, where datasets 
can differ significantly in terms of imaging techniques (e.g., MRI, CT, or 
microscopy), a model’s ability to handle this variability is crucial for its 
adoption in real-world clinical settings. The enhanced skip connections 
and attention mechanisms of R-UNet enable it to adapt to these different 
imaging characteristics, which suggests that this architecture is not 
limited to a narrow range of applications but could be extended to a 
broad array of medical domains [15,21].

In addition to its practical benefits, the R-UNet’s advancements also 
offer important theoretical contributions to the field of deep learning- 
based medical image segmentation. The combination of recurrent 
layers, attention mechanisms, and advanced skip connections represents 
a significant evolution in model design, addressing common challenges 
such as class imbalance, small object detection, and the segmentation of 
irregularly shaped structures. The results of the experiments indicate 
that these innovations can lead to tangible improvements in segmenta
tion performance without excessively increasing the computational 
complexity of the model. This is particularly important in medical ap
plications where real-time or near-real-time processing is often required. 
The balance between accuracy and efficiency makes R-UNet a promising 
candidate for integration into clinical workflows, potentially serving as a 
core component of automated diagnostic systems that aim to enhance 
patient outcomes by providing faster and more accurate analysis [17,
22].

Unlike previous approaches, the aim is to incorporate recurrent 
networks and attention mechanisms to capture temporal dependencies 
[23], particularly in medical imaging where anatomical structures may 
exhibit changes over time due to physiological processes or diseases 
[24]. Through recurrent U-Net architecture, time series data is accu
rately segmented, ensuring consistency and coherence across successive 
frames or slices. These dependencies are crucial for tasks like lesion 
tracking, where smooth and continuous segmentation is necessary [25]. 
By leveraging contextual information from multiple previous frames, 
recurrent connections enhance the model’s understanding of spatio
temporal context, leading to improved segmentation accuracy, espe
cially for evolving features.

In contrast to prior studies [26–28] that integrate recurrent blocks 
into the UNet framework for medical image segmentation, the newly 
proposed R-UNet architecture has several advantages. 

• First; the proposed architecture uses recurrent blocks at each up-and- 
down step, which allows the model to capture temporal de
pendencies at different scales.

• Second; the proposed architecture incorporates supplementary skip 
connections that enhance feature extraction by prioritizing high- 
level features.

• Third; the integration of attention mechanisms in the proposed R- 
UNet further distinguishes it from previous architectures. While 
recurrent blocks allow the model to capture temporal dependencies 
across different layers, attention mechanisms improve the model’s 
focus on the most critical regions of the image. This dual approach, 

A. Alweshah et al.                                                                                                                                                                                                                              Franklin Open 9 (2024) 100182 

2 



leveraging recurrent blocks for temporal dependencies and attention 
mechanisms for spatial prioritization, enables the model to better 
handle complex, multi-scale patterns often found in medical images. 
This is particularly important for tasks like tumor segmentation, 
where both local details and the overall context must be accurately 
captured to distinguish between malignant and benign regions. Prior 
studies, although effective, did not fully exploit the potential of 
combining attention with recurrent structures, which gives the pro
posed architecture an edge in terms of both precision and contextual 
awareness.

• Finally, the architecture is designed to be more computationally 
efficient compared to other complex segmentation models. By using 
recurrent blocks strategically at each step of the UNet, the R-UNet 
manages to capture long-range dependencies without introducing 
excessive computational overhead. This efficiency is crucial in 
medical image processing, where high-dimensional data, such as 3D 
MRI or CT scans, are common. The ability to handle such data effi
ciently while maintaining high segmentation accuracy is a significant 
improvement over prior methods, which often struggle with either 
scalability or processing speed. This balance of performance and 
efficiency makes the R-UNet architecture a strong candidate for real- 
world clinical applications, where rapid, reliable segmentation is 
essential for diagnostic decision-making.

The rest of the paper is organized as follows: In Section 2, the current 
existing work is explored on medical image segmentation with a focus 
on methods that implement U-NET-based architectures. The proposed 
method is presented in Section 3, followed by the performance evalua
tions in Section 4 and the conclusions in Section 5.

2. Related work

Semantic segmentation has been an active research area in computer 
vision, with numerous deep learning-based approaches proposed to 
tackle this task [29]. Early efforts to address this issue were made by 
Arena et al. [9], who demonstrated how image processing techniques, 
particularly using cellular neural networks, could enhance the accuracy 
of medical diagnoses. Their work focused on improving tumour and 
cancer detection through Microarray analysis, aiding in the identifica
tion of inherited mutations that predispose family members to certain 
types of cancer. Then, the well-known U-Net architecture was intro
duced by Ranneberger et al. [16,30] in 2015, and has become a popular 
choice for semantic segmentation due to its ability to capture both local 
and global contextual information. The UNet architecture consists of a 
contracting path that captures context and a symmetric expanding path 
that enables precise localization. However, the standard UNet archi
tecture does not explicitly model temporal dependencies, which can 
limit its ability to capture long-range contextual information in complex 
scenes or in medical images [31,32].

To address this limitation, researchers have proposed several modi
fications to the UNet architecture [33,34]. More specifically, in medical 
image analysis, various feature ex-traction models have been utilized to 
extract relevant features, including U-Net, U-Net++, and U-Net3+. 
Also, several other modifications have been proposed to enhance the 
original U-Net architecture, such as incorporating attention modules, 
drop-out models, and pyramid architecture, all of which have demon
strated efficient seg-mentation performance for various medical appli
cations, including liver segmentation, brain tumour segmentation, 
cancer cell segmentation, and COVID-19 segmentation [35].

The U-Net architecture functions as an auto-encoder model, 
extracting high-level details from the decoder layers through convolu
tion layers and ReLU activation function, and low-level details from the 
corresponding encoder layers. U-Net++ improves semantic segmenta
tion by incorporating nested networks of skip connections, strength
ening the connection between the input image and the ground truth [36, 
37]. U-Net3+ detects fine-grained features and global semantic 

representation on a full scale by using smaller and same-scale features 
from the shallow layers [38,39]. These improvements aim to develop a 
robust feature extraction model to optimize semantic segmentation of 
medical images. Despite the successful performance of these ap
proaches, the latest U-Net versions have significantly increased in 
complexity.

Other researchers have also proposed modifications to the UNet ar
chitecture that incorporate recurrent blocks to capture temporal fea
tures. For example, in Dou et al. (2018) [35,40] the Recurrent Residual 
Convolutional Neural Network (R2U-Net) architecture is proposed 
which uses recurrent blocks to capture long-range dependencies and 
residual connections to enhance feature reuse. Another modification 
involves the integration of recurrent blocks to capture dependencies 
over time. For instance, in Zhou et al. (2019) [27] the Recurrent UNet 
(RU-Net) architecture is proposed which uses bidirectional LSTM layers 
to propagate features across time and capture long-range contextual 
information. More recently, researchers have proposed other variations 
of the UNet architecture that incorporate recurrent blocks to capture 
temporal dependencies. For example, in [29] the Recurrent Convolu
tional UNet (RCU-Net) architecture is proposed which uses convolu
tional LSTM layers to capture both spatial and temporal dependencies. 
Overall, these recurrent methods have shown potential improvement in 
the field of medical image segmentation.

In [41], a hybrid forecasting model is presented based on adaptive 
neuro-fuzzy inference system (ANFIS) and mutation-based Bees Algo
rithm (mBA)to determine the number of confirmed cases for the up
coming 10 days based on the earlier confirmed cases found in India. The 
meta-heuristic Bees Algorithm (BA) is modified using 4 types of muta
tion, and mBA is used to enhance the performance of ANFIS by opti
mizing its parameters.

Most recent advanced studies including the method proposed in [35] 
reduce network parameters while enhancing feature extraction capa
bilities through the use of channel reduction and a convolutional block 
attention module (CBAM). UniverSeg [36] employs few-shot learning 
techniques to tackle unseen medical segmentation tasks, applying a 
CrossBlock mechanism to transfer information from the example set to 
new images. Similarly, in [23] and [38] a genetic algorithm is used to 
automatically design a U-Net variant, incorporating residual connec
tions and a cascade structure, respectively.

The proposed R-UNet architecture stands out from similar models 
due to its integration of recurrent convolutional layers, which enhance 
the network’s ability to capture spatial-temporal dependencies and 
contextual information across the entire image. This incorporation of 
recurrent layers allows the network to maintain temporal memory and 
improve gradient flow during back-propagation. By combining the 
strengths of the attention mechanism for fine-grained detail extraction 
with the recurrent layers’ capability to understand spatial hierarchies 
and dependencies, R-UNet achieves superior segmentation performance. 
This approach not only enhances feature propagation and contextual 
understanding but also makes the architecture highly adaptable to 
various tasks, including those involving sequential data like video seg
mentation. Empirical results demonstrate that R-UNet often surpasses 
traditional U-Net and similar architectures in accuracy and robustness, 
making it particularly effective for complex image segmentation tasks 
requiring precise boundary delineation and comprehensive context 
awareness.

3. The proposed method

In this section, the proposed Recurrent UNet (R-UNet) architecture is 
described for the semantic segmentation of medical images. R-UNet is an 
extension of the popular U-Net architecture that incorporates recurrent 
blocks to capture temporal dependencies. R-UNet combines convolu
tional and recurrent blocks in a complementary manner to capture both 
spatial and temporal dependencies in medical images.

Fig. 1 illustrates the architecture of the proposed method. It 

A. Alweshah et al.                                                                                                                                                                                                                              Franklin Open 9 (2024) 100182 

3 



comprises up-and-down convolutional blocks, recurrent blocks, atten
tion blocks, and complementary skip connections. This design effec
tively captures both spatial and temporal dependencies in medical 
images. Algorithm 1 provides a detailed description of the proposed 
model. The process begins with input image dimensions (HEIGHT, 
WIDTH, CHANNELS) and outputs a 2D binary mask. Initially, the inputs 
are processed through a series of convolutional and recurrent layers, 
which increase in depth while the spatial dimensions decrease, accom
panied by max-pooling layers. At the deepest layer, channel and spatial 
attention blocks are applied to enhance model performance. Subse
quently, the model employs up-sampling layers that concatenate feature 

maps from corresponding down-sampling layers, applying convolu
tional and recurrent blocks to improve spatial resolution. The final 
output layer utilizes a sigmoid activation function to produce a binary 
segmentation mask.

3.1. Architecture

The R-UNet architecture consists of an encoder, a recurrent block, 
and a decoder. Fig. 1 illustrates the architecture of the proposed method 
in more detail.

The encoder part of the architecture comprises a series of 

Fig. 1. The proposed Recurrent UNet (R-UNet) architecture.

Algorithm 1 
R-UNet model with attention channels, dropout, and L2 regularization.

Input: Input image dimensions (HEIGHT, WIDTH, CHANNELS)
Output: R-UNet model
// Input layer
1 inputs ← Input(HEIGHT, WIDTH, CHANNELS);
// Downsampling layers
2 down1 ← recurrent_block(inputs, 64, 3, dropout=0.5, kernel_regularizer=12(0.01));
downp1← MaxPooling2D()(down1);
3 down2 ← recurrent block(downp1, 128, 3, dropout=0.5,
Kernel_regularizer=12(0.01)); downp2 ← MaxPooling2D()(down2);
4 down3 ← recurrent_block(downp2, 256, 3, dropout=0.5,
kernel_regularizer=12(0.01)); downp3 ← MaxPooling2D()(down3);
5 down4 ← recurrent_block(downp3, 512, 3, dropout=0.5,
kernel_regularizer=12(0.01)); downp4 ← MaxPooling2D()(down4);
// Bottom layer
6 bottom ← recurrent_block(downp4, 1024, 3, dropout=0.5,
Kernel_regularizer=12(0.01)); bottom ← channel_attention(bottom); bottom ←
spatial_attention(bottom);
// Upsampling layers
7 up1 ← Conv2DTranspose(512, 2, strides=(2, 2)) (bottom); up1 ← concatenate([up1, down4]);
up1 ← recurrent_block(up1, 512, 3, dropout=0.5, kernel_regularizer=12(0.01);
8 sup2 ← Conv2DTranspose(256, 2, strides=(2, 2)) (up1); up2← concatenate([up2,down3]);
up2 ← recurrent_block(up2, 256, 3, dropout=0.5,
kernel_regularizer=12(0.01));
9 up3 ← Conv2DTranspose(128, 2, strides=(2, 2)) (up2); up3 ← concatenate([up3, down2]);
up3 ← recurrent_block(up3, 128, 3, dropout=0.5,
kernel_regularizer=12(0.01));
10 up4 ← Conv2DTranspose(64, 2, strides=(2, 2)) (up3); up4 ← concatenate([up4, down1]);
up4 ← recurrent_block(up4, 64, 3, dropout=0.5,
kernel_regularizer=12(0.01));
// Output layer
11 outputs ← Conv2D(1, (1, 1), activation=’sigmoid’)(up4);
// Model definition
12 model ← Model(inputs=inputs, outputs=outputs);
13 return model;
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convolutional layers followed by max-pooling layers. These layers pro
gressively reduce the spatial dimensions while increasing the depth of 
the feature maps. The purpose of the encoder is to extract hierarchical 
features from the input images [27,42].

Following the encoder, the recurrent block is introduced to capture 
temporal dependencies in the feature maps. This block incorporates 
recurrent connections that allow information to persist across different 
time steps, enabling the model to capture long-range dependencies [43]. 
The recurrent block is strategically placed within the network to 
enhance its ability to capture temporal information while preserving 
spatial details [18,44].

Finally, the decoder part of the architecture consists of up-sampling 
layers combined with skip connections from the encoder. These skip 
connections help preserve spatial information and recover finer details 
during the up-sampling process. The de-coder gradually increases the 
spatial dimensions while decreasing the depth of the feature maps, ul
timately producing the segmentation mask [18–20].

By integrating convolutional and recurrent blocks in a unified ar
chitecture, R-UNet effectively addresses the challenges of capturing both 
spatial and temporal dependencies in medical images, leading to 
improved segmentation performance [45,46].

Additional skip connections (red colors in Fig. 1) are added to boost 
feature robustness and improve the detection of fine-grained details. 
Adding more skip connections facilitates easier gradient propagation, 
reducing gradient vanishing and improving training stability, especially 
in deeper networks. While this increases model complexity, it enhances 
the combination of multi-scale features, leading to improved feature 
representation and segmentation accuracy.

3.2. Up and down blocks

The encoder extracts features from the input image using a series of 
convolutional blocks. Each block consists of double convolution blocks 
and each block consists of several layers as follows: 

1. 2D convolution layer with same size padding.
2. Batch normalization layer that normalizes the output of the previous 

layer by subtracting the batch mean and dividing by the batch 
standard deviation.

3. Rectified Linear Unit (Relu) activation layer to avoid the vanishing 
gradient problem.

4. Max-pooling or Up Sampling layers to decrease or increase the 
parameter size, respectively.

3.3. Recurrent blocks

The recurrent block is a key component in the proposed Recurrent 
UNet (R-UNet) architecture. By incorporating recurrent blocks into the 
U-Net architecture, the model gains the capacity to process temporal 
information within static images, leveraging contextual understanding. 
With memory cells retaining information from previous steps, the model 
can recall and combine features across different parts of the image, 
enhancing coherence in understanding overall structure and relation
ships. Additionally, iterative processing within static images offers a 
smoothing effect, enhancing consistency in segmentation maps and 
reducing noise and false predictions, especially in scenarios where 
changes over time are critical for clinical interpretation and decision- 
making. Each recurrent block is composed of a convolutional layer, 
followed by a gated recurrent unit (GRU) layer. The convolutional layer 
serves as a feature extractor, while the GRU layer captures temporal 
dependencies between adjacent feature maps. The GRU layer contains 
two gates: the reset gate and the update gate, which are responsible for 
resetting the cell state and updating the output state, respectively. While 
GRU layers introduce computational overhead, they significantly 
enhance the model’s ability to capture spatial and temporal de
pendencies, leading to improved segmentation accuracy. The key is to 

balance the trade-off between accuracy and efficiency. To avoid over- 
fitting, drop-down layers and L2 regularization layers are added as 
described in Algorithm 1.

Let ht denotes the feature map at the time step t, xt denote the input 
to the recurrent block at the time step t, and zt denote the output of the 
recurrent block at the time step t. The recurrent block can be formulated 
as follows: 

σ(x) = 1
1 + e− x (1) 

rt = σ(Wr ∗xt +Ur ∗ht− 1 + br), (Reset gate) (2) 

ut = σ(Wu ∗xt +Uu ∗ht− 1 + bu), (Update gate) (3) 

ct = tanh(Wc ∗xt + rt ∗Uc ∗ht− 1 + bc), (New cell state) (4) 

ht = (1 − ut) ∗ ht− 1 + ut ∗ ct , (Output state) (5) 

where σ is the sigmoid activation function, * denotes the matrix multi
plication, and b denotes the bias term. W and U denote the weight 
matrices, which are learnable parameters of the recurrent block. The 
reset gate rt determines how much of the previous hidden state ht− 1 to 
forget, while the update gate u t determines how much of the new cell 
state ct to retain in the output state ht . The new cell state ct is computed 
by applying a tanh activation function to the sum of the input xt and te 
reset gate rt multiplied by the previous hidden state ht− 1. The output 
state ht is a weighted combination of the previous hidden state ht− 1 and 
the new cell state ct , controlled by the update gate ut.

3.3.1. Bottom block
The bottom block in the proposed Recurrent UNet architecture 

consists of an attention mechanism. The output of the recurrent block 
from the previous step is then passed through a channel attention layer 
and a spatial attention layer. The channel attention layer captures inter- 
channel dependencies by computing channel-wise feature responses and 
weighting them based on their importance [44]. The spatial attention 
layer captures inter-spatial dependencies by computing a spatial mask 
that highlights the most informative regions of the feature maps. These 
attention mechanisms help to selectively emphasize relevant features 
and suppress irrelevant ones, which improves the quality of the seg
mentation results [41].

Among the various attention models available, the Convolutional 
Block Attention Module (CBAM) stands out as a lightweight, feedfor
ward convolutional neural network attention module that can be 
seamlessly integrated into any CNN architecture for end-to-end training. 
The CBAM structure consists of two main components: channel attention 
and spatial attention. The combination of channel and spatial attention 
in CBAM enhances the extraction of expressive feature information, 
which improves the contextual information retrieval from images of 
different scales.

In the proposed model, the bottom layer receives a feature map 
ht ∈ RC×H×W, which is processed through a convolution operation and 
then fed into the CBAM. First, the channel attention map AC ∈ RC× 1 × 1 

is computed along with the channel-refined feature map hA. Next, the 
spatial attention map AS ∈ R1 ×H×W is calculated, resulting in the final 
feature map hS. The corresponding formulas for these calculations are as 
follows: 

hA = AC (ht) ⊗ ht (6) 

hS = AS (ht) ⊗ ht (7) 

where ⊗ represents the element-wise multiplication corresponding to 
the feature matrix.
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4. Performance evaluation

In this section, the performance of the proposed model is evaluated 
using several datasets, model training parameters, evaluation matrix 
and the final performance results compared to other methods. The 
model is trained using 50 batch size and 250 epochs on the NVIDIA 
GeForce RTX 3090 with a 24 GB memory machine.

4.1. Datasets

Six different medical imaging datasets were chosen to demonstrate 
the effectiveness of the proposed method. Examples of these datasets can 
be seen in Fig. 2. 

1. The liver dataset [47] was used in a competition to identify the liver 
region by the IEEE International Symposium on Biomedical Imaging 
in 2017. The dataset consists of 131 3D CT scans, where 120 images 
are used for training and 11 for testing.

2. The brain tumor dataset [48] provides sub-regions from the Brain 
Tumor segmentation benchmark challenge in 2018. This dataset 
consists of 210 high-grade glioma (HGG) images and 75 low-grade 
glioma (LGG) images.

3. The Mitochondria image dataset [49] was also selected to measure 
the performance of the proposed method. This dataset has 165 im
ages for each category Test, Test-masks, Train and Train-mask.

4. The lung CT COVID-19 images dataset was collected for the purpose 
of model evaluation. This dataset consists of 72 images, where 50 
images are used for training and 22 images for testing. The images 
are pre-processed (0-255 pixel values) and resized (224 × 224 
pixels). The input to the model during training was 3-channel images 
and the output was 1-channel binary images containing the COVID- 
19-affected region and background.

5. Nuclei Instance Segmentation in H&E-Stained Histological Images 
(NuInsSeg). The NuInsSeg dataset contains more than 30k manually 
segmented nuclei from 31 human and mouse organs and 665 image 
patches extracted from H&E-stained whole slide images. It also 
provides ambiguous area masks for the entire dataset to show in 
which areas manual semantic/instance segmentation were 
impossible.

6. The lung Segmentation dataset [50] is a subset of the Lung Nodule 
Analysis (LUNA) and Data Science Bowl competition in 2017.

4.2. Model parameters

1. Loss function; the sigmoid loss function is employed for several 
reasons. Firstly, it facilitates the estimation of prediction probabili
ties, which is crucial for binary segmentation tasks like ours. 

Secondly, the sigmoid loss function offers smoother gradients 
compared to other loss functions, promoting more stable and faster 
convergence during training. This smoother con-vergence trajectory 
often translates to better optimization performance and ultimately, 
improved model accuracy. Although cross-entropy loss is generally 
more robust and flexible, particularly for handling class imbalances 
and multi-class problems, the sigmoid loss function is selected for its 
faster and more effective convergence in our binary segmentation 
task involving two classes.

2. Adam optimizer; The choice of optimizer plays a pivotal role in the 
training of deep neural networks. In this study, Adam optimizer is 
used due to its robustness in handling noisy gradients, a common 
occurrence in deep learning training, especially in complex archi
tectures like the proposed work. Adam’s adaptive learning rate 
mechanism enables it to adjust learning rates for each parameter 
individually, leading to faster convergence and more stable training 
dynamics. Moreover, Adam optimizer tends to exhibit better gener
alization capabilities, effectively navigating the high-dimensional 
parameter space to find optimal solutions.

3. Learning rate and weight decay; hyperparameters are meticulously 
tuned to ensure optimal training performance. The learning rate, set 
to 1 × 10− 4(0.0001), strikes a balance between rapid convergence 
and avoiding overshooting the minima. This value is chosen empir
ically through experimentation and has proven effective in achieving 
desirable training outcomes. Additionally, weight decay regulariza
tion is applied with a coefficient of 2 × 10− 3(0.002). This regulari
zation term aids in preventing overfitting by penalizing large weight 
values, thereby encouraging the model to learn simpler and more 
generalizable representations [51].

These choices collectively contribute to the efficacy of the training 
regimen, fostering the development of a robust and accurate segmen
tation model across various medical imaging datasets.

4.3. Evaluation metric

Various metrics are presented which are commonly used to evaluate 
and report the results of segmentation. These metrics include Intersec
tion over Union (IoU), The Panoptic Quality (PQ), the Aggregate Jaccard 
Index (AJI), and the DICE similarity coefficient/score (also known as the 
DICE coefficient, which is a statistical measure used to gauge the simi
larity between two sets of data). These metrics are defined using terms 
such as true positive (TP), true negative (TN), false positive (FP), and 
false negative (FN) which are calculated based on the number of pre
dicted pixels. The following evaluation metrics are calculated for testing 
purposes: 

Fig. 2. Samples from different datasets used in the experiments.
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Intersection over Union (IoU) =
TP

TP + FP + FN
(8) 

The Panoptic Quality (PQ) =
IoU

TP + 1
2 FP + 1

2 FN
(9) 

Aggregate Jaccard Index(AJI) =
TP

∑N
i=1|TPi ∪ FPi ∪ FNi| + FP + FN

(10) 

DICE =
2TP

TP + 2FP + FN
. (11) 

The matrices intend to measure the overlapping performance be
tween the ground truth and predicted output from the model. The IoU 
directly measures the overlap between the predicted segmentation and 
the ground truth. The AJI is a more complex metric that can be seen as a 
generalization of IoU for multi-instance segmentation. PQ also takes into 
account both the overlap and the correct detection of instances. 
Whereas, the Dice coefficient emphasizes the overlap between the pre
dicted segmentation and the ground truth, giving more weight to the 
true positive rate. In general, AJI and PQ are more complex measure
ments compared to IoU and the DICE. DICE focuses on spatial overlap, 
making it an intuitive and direct measure of accuracy, crucial in medical 
imaging for clinical relevance.

DICE Eq. (11) is used as the primary evaluation metric, to measure 
the agreement between predicted segmentation and ground truth. 
Ranging from 0 to 1, with 1 indicating perfect agreement.

4.4. Results and discussion

In this section, the performance of the proposed model is compared 
with various relevant models and provide an in-depth analysis of the 
findings. The results of the experiments, including visual comparison, 
training and validation accuracy/loss plots are also presented and their 
implications are discussed. Table 1 presents a comparison of the most 
relevant studies across various datasets, focusing on the DICE score.

The results in Table 1 indicate that the proposed network leverages 
the extracted features to effectively segment medical images, thereby 
highlighting its superiority. The proposed method improves the seg
mentation performance compared to existing state-of-the-art studies 
such as U-Net 3+ and U-Net++ by an average of 2 %, 3 %, 7 %, and 1 % 
for the Liver, Tumor, Mitochondria and Lung datasets respectively. The 
highest accuracy was achieved when using the Mitochondria dataset 
with over 97 % accuracy resulting in a margin improvement of over 7 % 
compared to other relevant studies. This efficient performance on the 
Mitochondria dataset specifically can be attributed to its nature as a time 
sequence dataset. Recurrent layers, such as those used in the proposed 
model, are particularly adept at handling sequential data. These layers 
excel at capturing temporal dependencies and patterns, which signifi
cantly enhances the model’s ability to learn from and predict sequential 
data effectively. Additionally, the model was trained on this dataset 
without shuffling the data. This approach preserves the inherent tem
poral structure of the dataset, further allowing the recurrent layers to 

leverage the continuity in the data, thereby boosting the overall per
formance. To provide further insight into the performance of the pro
posed model, Fig. 3a presents examples from the Mitochondria dataset. 
These examples showcase the effectiveness of the proposed model, 
particularly its ability to accurately detect each pixel using recurrent 
blocks. The visualization demonstrates the model’s capability to identify 
intricate structures within medical images, highlighting its potential as a 
promising solution for segmentation tasks.

R-UNet outperforms other models in medical image segmentation 
across diverse datasets, accurately capturing detailed structures in or
gans like liver, brain tumors, lung and Covid regions. This is due to the 
large, well-defined objects in these images. This characteristic makes the 
segmentation task easier, allowing to achieve higher accuracy. Fig. 4
shows the segmentation accuracy for a different set of images. Although 
some datasets like the Liver dataset are easy for the segmentation task, 
the proposed model demonstrates effective performance on a complex 
and challenging dataset such as the Mitochondria dataset. Challenges 
such as dataset variability and class imbalance need addressing, neces
sitating tailored model training and robust preprocessing for reliable 
performance. This finding highlights the importance of combining 
recurring features and integrating spatial-temporal mechanisms. While 
recurrent layers capture long-term dependencies and contextual infor
mation, attention mechanisms focus on and localize important features. 
This collectively enhances the feature extraction capabilities of the Unet 
model for segmentation tasks.

Moreover, the proposed R-UNet architecture’s performance extends 
beyond accuracy metrics; it also emphasizes the model’s robustness in 
handling diverse and challenging segmentation tasks. In addition to 
achieving high DICE scores, the model demonstrates consistent perfor
mance across different datasets, highlighting its adaptability to various 
imaging conditions and data distributions. The results indicate that the 
model can effectively generalize across different types of medical im
ages, including those with varying noise levels, resolution, and contrast. 
This adaptability is essential in real-world clinical applications, where 
medical images can often exhibit significant variability. As a result, the 
R-UNet not only provides high accuracy but also maintains reliability, 
making it suitable for deployment in diverse clinical settings.

The model’s ability to tackle class imbalance and dataset variability 
is particularly noteworthy. In many medical imaging scenarios, certain 
classes, such as tumors or other pathologies, may be underrepresented in 
the training data. The proposed R-UNet architecture addresses these 
challenges through its enhanced feature extraction capabilities and the 
incorporation of recurrent and attention mechanisms. By effectively 
capturing critical features and contextual relationships, the model can 
focus on minority classes during training, leading to improved seg
mentation outcomes. This approach highlights the importance of 
considering class distribution when designing segmentation models and 
suggests that R-UNet could be fine-tuned further to enhance its perfor
mance on datasets with pronounced class imbalance.

Furthermore, the visual comparison of segmentation results reveals 
that R-UNet not only improves quantitative metrics but also enhances 
qualitative outcomes. Figures illustrating the segmentation masks 
demonstrate the model’s ability to delineate intricate anatomical 
structures with remarkable precision. Such visual insights are crucial in 
medical image analysis, where understanding the model’s decision- 
making process can help clinicians gain confidence in automated seg
mentation tools. The clear visualization of segmentation boundaries 
reinforces the potential for R-UNet to assist healthcare professionals in 
diagnostics, treatment planning, and monitoring disease progression. As 
medical imaging continues to evolve, integrating advanced deep 
learning techniques like those employed in R-UNet could significantly 
enhance clinical workflows and patient care.

4.5. Visual illustration

To compare the visualization with other methods, a visual 

Table 1 
The output results of the proposed method on different datasets compared with 
state-of-the-art methods.

Study Liver 
detection

Tumor 
detection

COVID- 
19

Mitochondria

DeepLabV3 [26] 92.17 81.33 N/A N/A
PSPNet [27] 92.42 84.867 N/A N/A
Attention U-Net 

[29]
93.41 85.41 N/A 86.99

U-Netþþ [11] 94.75 85.94 88.05 89.21
U-Net 3þ [12] 96.75 86.15 90.83 90.36
The proposed R- 

UNet
97.83 89.17 94.73 97.02
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comparison is provided based on the lung dataset, as shown in Fig. 5. 
Various methods were applied to the lung dataset using a threshold of 
0.5 to generate the final binary mask. While all methods achieved high 
segmentation accuracy, the proposed model produced the most detailed 
results by minimizing false positive predictions compared to other 
models.

In addition to the detailed results observed in Fig. 5, the qualitative 
assessment underscores the importance of visual interpretability in 
evaluating segmentation performance. The proposed R-UNet model not 
only excels in producing precise segmentation masks but also effectively 
preserves the intricate boundaries of the lung structures, which are often 
challenging due to overlapping textures and varying intensities in the 
images. This ability to maintain clarity around critical regions, such as 
the vascular structures and airways, is vital for applications in pulmo
nary diagnostics and treatment planning. By reducing false positives, R- 

UNet enhances clinical decision-making, allowing radiologists and 
healthcare providers to focus on relevant pathologies without being 
misled by extraneous information. Furthermore, this level of detail in 
segmentation results contributes to improved downstream tasks, such as 
volumetric analysis or automated lesion detection, thereby highlighting 
R-UNet’s potential as a versatile tool in medical image analysis and its 
applicability to other challenging datasets beyond lung images.

4.6. Training monitoring

Throughout the training process, the accuracy and loss functions are 
closely monitored. Fig. 6a illustrates the accuracy curve depicting the 
model’s performance on the validation set across each epoch. The curve 
illustrates a steady increase in accuracy as training progresses with 
stabilization observed around epoch 100. The training is extended 

Fig. 3. Examples from the Mitochondria and NuInsSeg dataset the testing image (left column), ground truth (middle column) and R-UNet prediction (right column).
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Fig. 4. Comparison of different dataset accuracies using our proposed model.

Fig. 5. Visual comparison of different methods using lung segmentation datasets.

Fig. 6. Accuracy and loss plots during the training session of the Mitochondria dataset.
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beyond the point of stability to explore the potential for further 
improvement or fine-tuning of the model. The exploration of the model’s 
learning trajectory is prioritized to gain a comprehensive understanding 
of its behavior and performance characteristics. Fig. 6b displays the loss 
curve, indicating the model is able to minimize the difference` between 
the predicted and actual outputs during training. The decreasing trend 
in loss over epochs signifies the model’s learning process and continual 
improvement in predictions.

4.7. Real-time implementation

Regarding real-time processing in clinical settings, R-UNet can ach
ieve real-time processing without GPU acceleration, relying on fast CPUs 
and SSD storage for efficient operation. This ensures timely and accurate 
segmentation crucial for clinical decision-making, though performance 
may vary based on machine resources. Future improvements could 
involve enhancing the R-UNet architecture with transformer blocks and 
incorporating unsupervised techniques with Bayesian probability to 
reduce the need for manual data annotation.

Furthermore, the potential integration of advanced techniques, such 
as semi-supervised learning and self-supervised learning, could enhance 
R-UNet’s capability to leverage unannotated data effectively. By utiliz
ing a smaller set of labeled images alongside a larger pool of unlabeled 
data, these methods can improve the model’s learning efficiency and 
performance, especially in scenarios where annotated datasets are 
scarce or expensive to obtain. This approach allows the model to learn 
meaningful representations from the unlabeled data, subsequently 
refining its segmentation accuracy on the labeled set. Additionally, 
incorporating techniques like data augmentation and synthetic data 
generation can enrich the training process by creating a more diverse 
dataset, further improving the model’s robustness against variations in 
imaging conditions. Collectively, these strategies not only aim to reduce 
reliance on extensive manual annotation but also ensure that R-UNet 
remains adaptable and resilient in the face of evolving medical imaging 
challenges, positioning it as a valuable asset in the ongoing advance
ment of automated diagnostic tools in healthcare.

4.8. Challenges and future applications

The limitations and challenges of the proposed R-UNet model 
include increased computational complexity resulting from the inte
gration of recurrent layers and attention mechanisms, which may lead to 
longer training times and increased memory requirements, especially 
when working with large datasets or limited hardware resources. In 
addition, the model’s dependency on high-quality training data for 
optimal performance and the risk of overfitting associated with its 
complexity, necessitate the implementation of stringent regularization 
techniques as shown in Algorithm 1.

Finally, the proposed R-UNet architecture can be applied to various 
fields, including fake image generation, microscopy image analysis, and 
medical and satellite image segmentation. It can be fine-tuned and 
adapted to address specific challenges, advancing medical imaging, 
biomedical research, and other image segmentation applications. This 
work builds on the foundation laid by previous research, demonstrating 
continued innovation and improvement in the field of medical image 
processing using CNNs.

4.9. Ablation experiments

The performance of the proposed R-UNet is investigated by testing 
different components and functionalities to understand the contribution 
of the model as follows:

4.9.1. Multi-organ segmentation
The proposed model is trained on the NuInsSeg dataset in order to 

verify performance on a wide range of different organs in one go. 

NuInsSeg dataset provides several human organs such as cerebellum, 
cerebrum (brain), colon (rectum), epiglottis, jejunum, kidney, liver, 
lung, melanoma, muscle, esophagus, palatine tonsil, pancreas, perito
neum, placenta, salivary gland, spleen, stomach (cardia), stomach (py
lorus), testis, tongue, umbilical cord, and urinary bladder. In addition, 
the dataset has also Mouse organs including the cerebellum, cerebrum, 
colon, epiglottis, lung, melanoma, muscle, peritoneum, stomach (car
dia), stomach (pylorus), testis, umbilical cord, and urinary bladder. The 
proposed method is trained on all these organs as one go. The proposed 
model shows a significant improvement of 84.2 % compared to the 
existing works [52] with an accuracy of 79.4 %. Visual results of the 
proposed method are provided in Fig. 3b to show the segmentation of 
different organs. Furthermore, in the next section (Section 4.9.2), the 
performance of different models and different evaluation functions are 
compared on the NuInsSeg dataset.

Moreover, the findings from the NuInsSeg dataset highlight the 
model’s potential for application in personalized medicine and multi- 
organ analysis. As healthcare increasingly moves towards tailored 
treatment plans, the ability to accurately segment multiple organs in a 
single workflow can streamline diagnostic processes and enhance the 
effectiveness of therapeutic interventions. For instance, by efficiently 
identifying and delineating various organs, the proposed model can 
assist in creating comprehensive reports that summarize the health 
status of multiple anatomical structures simultaneously. This capability 
is particularly advantageous in oncology, where understanding the 
relationship between tumors and surrounding organs is crucial for 
treatment planning. Additionally, as the proposed model demonstrates 
its proficiency in handling diverse organ types, it opens avenues for 
future research exploring cross-species applications, such as translating 
findings from mouse models to human studies, ultimately bridging the 
gap between preclinical and clinical settings. This adaptability not only 
showcases the robustness of the proposed architecture but also signifies 
its potential to contribute meaningfully to advancements in medical 
imaging and diagnostics.

4.9.2. Multi-organ segmentation
To assess the outcomes of the NuInsSeg instance segmentation tasks, 

the Dice score, the aggregate Jaccard Index (AJI), and the panoptic 
quality (PQ) score are applied. The Dice score measures overall semantic 
segmentation performance, while the AJI and PQ scores also gauge a 
model’s proficiency in distinguishing adjacent objects, thereby quanti
fying instance segmentation performance. Higher values in the Dice 
score, AJI, and PQ score signify superior performance. PQ and AJI are 
computed based on Eq. (9) and Eq. (10) respectively. Table 2 shows the 
outcome of three different evaluation matrices comparing the proposed 
method with the recent relevant studies.

4.9.3. Multi-organ segmentation
The attention mechanism plays a crucial role in enhancing the per

formance of the proposed model by allowing it to focus on the most 
relevant parts of the input data. A series of experiments is conducted to 
assess the impact of the attention mechanism on model performance.

These experiments in Table 3 involve the following cases: 

1. R-UNet without attention mechanism nor recurrent blocks.

Table 2 
Comparison between different studies using different evaluation metrics (%) on 
NuInsSeg dataset.

No. Study DICE AJI PQ

1 Two-stage U-Net [24] 76.6 52.7 47.2
2 U-Net+Watershed [12] 78.8 50.5 42.8
3 dual decoder U-Net [52] 79.4 55.9 51.3
4 Attention U-Net [23] 80.5 45.7 36.4
5 Residual attention U-Net [18] 81.4 46.3 36.9
6 The proposed R-UNet 84.2 61.9 54.7
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2. R-UNet without an attention mechanism.
3. R-UNet without recurrent blocks.
4. R-UNet with attention mechanism and recurrent blocks.

The evaluation of the R-UNet model in Table 3 across various sce
narios demonstrates the significant impact of both the attention mech
anism and recurrent blocks on performance across multiple datasets. 
Case 1, which lacks both attention mechanisms and recurrent blocks, 
consistently shows the lowest performance metrics. Incorporating either 
the attention mechanism (Case 2) or recurrent blocks (Case 3) inde
pendently improve performance across all datasets. Specifically, Case 2, 
which includes the recurrent blocks but not the attention mechanism, 
achieves noticeable improvements. The most substantial improvement 
is observed in Case 4, which integrates both the attention mechanism 
and recurrent blocks. This combination achieves the highest accuracy 
across all datasets. These results highlight that the synergistic effect of 
combining attention mechanisms and recurrent blocks significantly 
enhances the R-UNet model’s capability, suggesting that both compo
nents are crucial for maximizing performance in medical image seg
mentation tasks.

Furthermore, the ability of the proposed model to process a wide 
variety of organ types within a single framework also paves the way for 
the integration of artificial intelligence in routine clinical practice. By 
automating the segmentation process across multiple organs, healthcare 
professionals can save valuable time and resources, allowing them to 
focus more on interpreting results and patient care rather than manual 
segmentation tasks. This shift not only improves workflow efficiency but 
also minimizes human error associated with manual delineation, leading 
to more reliable and consistent results. Additionally, the insights gained 
from the model’s segmentation outputs can be used to inform machine 
learning algorithms for predicting disease progression or response to 
therapy, thereby supporting a more proactive approach in patient 
management. As the landscape of medical imaging evolves with the 
incorporation of AI-driven tools, the proposed model stands at the 
forefront of this transformation, promising to enhance diagnostic accu
racy and improve overall patient outcomes in a clinical setting.

5. Conclusion

Convolutional neural networks (CNNs) have emerged as the 
cornerstone for medical image analysis due to their unparalleled per
formance. Among the myriads of CNN, U-NET has consistently show
cased remarkable results in medical image segmentation tasks. In this 
study, a novel architecture, (R-UNet) is introduced which integrates 
fully skip connections and recurrent blocks specifically tailored for 
medical image segmentation.

The proposed network, R-UNet, is an extension of the U-Net frame
work, strategically augmented with optimal connections to the decoder 
end and recurrent blocks at each up and down step. This design facili
tates the capture of temporal dependencies and long-range contextual 
information crucial for accurate segmentation. Through rigorous eval
uation, the efficacy of our method is demonstrated across several public 
datasets, including the Liver dataset, Brain Tumor dataset, Mitochondria 
dataset, Lung dataset, NuInsSeg dataset and introduce a new collection 
of COVID-19 images for evaluation purposes. The proposed method has 
been comprehensively validated and compared with other existing 

works. The experimental results show that our method outperforms the 
state-of-the-art methods by 1.08 %, 3.02 %, 4.1 %, 7.16 %, 1 % for the 
Liver, Brain Tumor, COVID-19, Mitochondria and Lung datasets, 
respectively. These findings underscore the potential of the proposed 
method to revolutionize medical image segmentation tasks and furnish 
medical professionals with a powerful tool for enhanced diagnostic ac
curacy and efficiency. The proposed R-UNet architecture applies to 
other fields such as fake image generation, microscopy analysis, and 
medical and satellite image segmentation. It can be fine-tuned for spe
cific challenges, enhancing medical imaging and biomedical research.
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