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ABSTRACT 

Aim: This study aims to enhance intraoperative tissue characterization and classification in robotic bariatric surgery 

through a novel Dual Attention U-Net (DuAtUNet) model. By leveraging dual-channel attention mechanisms, 

DuAtUNet focuses on relevant features to achieve real-time, accurate segmentation of tissues, including fat, muscle, 

and vessels. 

Methods: DuAtUNet was trained and tested using Python with OpenCV and Scikit-Image libraries on 

intraoperative images enhanced by vessel-specific filters. A dataset of surgical frames was used, with each image 

processed through dual channels to improve visibility of critical anatomical structures. Segmentation performance 

was evaluated by comparing U-Net, EUGNet, and DuAtUNet in terms of accuracy, Jaccard coefficient, and 

inference speed. 

Results: DuAtUNet achieved higher accuracy and a better Jaccard coefficient compared to U-Net and EUGNet, 

demonstrating improved tissue differentiation and boundary precision. Specifically, DuAtUNet recorded an 

accuracy increase of 3% over the standard U-Net and a 4% improvement over EUGNet. Additionally, the Jaccard 

coefficient improved by 5% relative to U-Net and by 7% compared to EUGNet. The model’s attention mechanisms 

allowed for selective focus on critical regions, providing clearer segmentation and reducing background noise. 

Conclusion: DuAtUNet significantly enhances intraoperative segmentation accuracy, supporting improved real-

time visualization and decision-making in robotic-assisted bariatric surgery. This approach shows promise for 

broader applications in surgical environments requiring precise tissue characterization. Future studies should explore 

the integration of real-time deployment in clinical settings. 

Keywords: DuAtUNet; Attention mechanism; Robotic bariatric surgery; Tissue segmentation; Intraoperative 

classification; Vessel enhancement; Real-time AI 
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INTRODUCTION 

This study aims to address the critical need for enhanced intraoperative visualization and decision-making during 

robotic-assisted bariatric procedures. To achieve this, we propose to investigate the potential of a novel deep 

learning architecture that combines a dual-channel convolution encoder within the U-Net framework with attention 

mechanisms for real-time, accurate tissue characterization and classification directly from surgical video feeds. The 

dual-channel encoder is designed to effectively capture both spatial and temporal information from the video data, 

while the attention mechanisms will enable the model to focus on the most relevant regions and features for tissue 

identification. By developing and rigorously evaluating this AI-powered system, we aspire to provide surgeons with 

an invaluable real-time visual aid that highlights and classifies diverse tissue types encountered during these 

complex surgeries. The ultimate goal of this research is to empower surgeons with enhanced situational awareness 

and decision-making capabilities, thereby promoting increased surgical precision, reducing the incidence of 

complications, and ultimately improving patient outcomes in the field of robotic-assisted bariatric surgery. 

Furthermore, we will explore the interpretability of the model, aiming to generate visual explanations that elucidate 

the AI's decision-making process, fostering trust and facilitating seamless collaboration between the surgeon and the 

AI system. 

Robotic-assisted bariatric surgery is an evolving field with potential benefits in complex procedures and special 

patient groups [1,2]. While it may increase operating time and costs without significant improvements in general 

outcomes, it shows promise for super obese patients and revisional surgeries [2]. Artificial Intelligence (AI) 

applications in bariatric surgery are growing, with machine learning algorithms demonstrating high accuracy in 

predicting postoperative complications and weight loss [3]. AI can also analyze intraoperative video to identify 

operative steps with 85.6% accuracy [4]. Multispectral tissue analysis and classification techniques show potential 

for automated tissue differentiation, achieving a mean detection rate of 91.3% in ex vivo porcine tissues [5]. 

Integration of haptic feedback in robotic tools is being explored to improve tissue characterization capabilities [6]. 

These advancements may contribute to precision medicine and improved surgical outcomes in bariatric procedures. 

The significance of this research lies in its potential to revolutionize robotic-assisted bariatric surgery by providing 

surgeons with real-time, AI-powered visual guidance. By accurately segmenting and classifying tissues during the 

procedure, the proposed system could significantly enhance surgical precision, reduce the risk of complications, and 

ultimately improve patient outcomes. Moreover, the incorporation of a dual-channel convolution encoder and 

attention mechanisms in the deep learning architecture holds the promise of superior accuracy and robustness, even 

in challenging surgical scenarios. Furthermore, by fostering greater transparency and understanding of the AI's 

decision-making process, this research aims to facilitate trust and collaboration between surgeons and AI, paving the 

way for a new era of intelligent surgical assistance. The successful implementation of this technology could have 

far-reaching implications, not only for bariatric surgery but also for other complex surgical fields where real-time 

tissue identification is crucial. 
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METHODS 

Real-time AI for tissue characterization in robotic bariatric surgery is an emerging field that leverages advanced 

technologies to enhance surgical precision, safety, and outcomes. This involves integrating Artificial Intelligence 

(AI) with robotic systems to provide real-time feedback and decision-making capabilities during surgery. The 

integration of AI in robotic-assisted surgeries aims to overcome challenges such as the lack of tactile feedback and 

the need for precise tissue differentiation. Recent research has focused on applying attention mechanisms to U-Net 

architectures for improved segmentation of various anatomical structures. Several studies have demonstrated the 

effectiveness of attention-enhanced U-Nets for retinal vessel segmentation, achieving state-of-the-art performance 

on benchmark datasets [7-10]. These models incorporate spatial, channel, and context attention to enhance feature 

refinement and suppress noise. Beyond retinal imaging, attention U-Nets have shown promise in segmenting 

abdominal muscles and fat for body composition assessment [11], individual thigh muscles in MRI [12], pancreas in 

CT images [13], and muscle parameters in ultrasonography [14]. Across these diverse applications, attention 

mechanisms consistently improved segmentation accuracy compared to standard U-Net architectures, while 

maintaining computational efficiency. These advancements demonstrate the potential of attention U-Nets for 

automated analysis of fat, muscle, and vessels across various imaging modalities. 

Dual-channel convolution encoder within the U-Net framework with attention mechanisms 

The integration of dual-channel convolution encoders within the U-Net framework, enhanced by attention 

mechanisms, represents a significant advancement in image segmentation tasks. This approach leverages the 

strengths of dual attention mechanisms to improve feature extraction and segmentation accuracy across various 

applications, from medical imaging to remote sensing. The Dual Cross-Attention (DCA) module enhances U-Net 

architectures by addressing the semantic gap between encoder and decoder features. It sequentially captures channel 

and spatial dependencies, effectively combining low and high-level features across scales. This approach improves 

segmentation performance with minimal parameter increase, as demonstrated in medical image segmentation tasks 

[15]. The Dual Encoder Network (DAE-Net) incorporates an Efficient Channel Attention (ECA) module to focus on 

local tampering characteristics in image splicing forgery detection. This module enhances the model's ability to 

detect small target tampering zones, outperforming state-of-the-art methods in picture forensics [16]. 

Our proposed method aims to bridge the semantic gap in medical image segmentation tasks, enhancing the 

performance of existing architectures by effectively combining multi-scale features. U-Net architecture is well-

suited for medical image segmentation tasks. It excels at capturing both fine-grained details and global context, 

crucial for accurately delineating different tissue types, even when their boundaries are subtle. The contracting path 

(encoder) of U-Net network progressively down samples the input image, extracting hierarchical features at different 

scales. It captures the global context of the image, understanding the overall relationship between different tissues. 

The expanding path (decoder) up samples the feature maps back to the original image resolution. It uses skip 

connections to combine high-resolution features from the contracting path with the up sampled features. This allows 

the network to recover fine-grained details and precise boundaries between tissues. The connection between the 

encoder and decoder, where the feature maps are at their most compressed form. It forces the network to learn a 

compact representation of the image, which is important for generalization and avoiding overfitting. The contracting 
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path provides global context, helping the network distinguish between similar-looking tissues based on their 

surrounding structures. The hierarchical features extracted by the U-Net allow it to capture both coarse (e.g., overall 

organ shape) and fine-grained (e.g., small blood vessels) details. 

Spatial attention is used to focus on the “where” aspect in an image, highlighting important regions while 

suppressing irrelevant background. This often involves spatial attention maps created using techniques like 

convolutional layers with sigmoid activation to generate attention weights across spatial dimensions. Channel 

attention is used to emphasize the “what” aspect by assigning weights to different feature channels, highlighting 

channels that are more relevant for segmentation. This is typically achieved with a global average pooling operation 

followed by a fully connected layer and a sigmoid activation to adjust the weight of each channel: 

 

    (1) 

 

Where GAP(X) is the global average pooling of feature map 𝑋, and FC is a fully connected layer. σ is a sigmoid 

function that outputs attention weights. 

Dual channel attention mechanism empowers the network to selectively focus on relevant features within each 

channel (e.g., one for color information, one for depth data from the da Vinci system). It helps the model prioritize 

critical visual cues for tissue differentiation. The skip connections enable U-Net to accurately localize the 

boundaries between different tissues, even in complex anatomical regions. Channel attention weights the importance 

of different channels in the feature maps. In robotic surgery, the color channel might be more informative for 

distinguishing between muscle and fat, while the depth channel might be more important for identifying the 

boundaries of vessels. This mechanism weights the importance of different spatial locations within each channel. It 

helps the network focus on the most relevant regions of the image for tissue differentiation, ignoring irrelevant 

background areas. The dual channel attention mechanism allows the U-Net to extract the most relevant features from 

both color and depth channels, improving its ability to differentiate between tissues. By selectively attending to 

different regions of the image, the network gains a deeper understanding of the spatial relationships between tissues, 

further enhancing its segmentation accuracy. The attention mechanism helps the network filter out noise and 

artifacts that might be present in the surgical images, improving its robustness and reliability (Figure 1). 
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Figure 1: U-Net with the attention mechanism’s structure. The encoder performs 4 down sampling. Symmetrically, 

its decoder up samples 4 times to restore the features to the original image resolution. The attention gate is placed at 

the end of the skip connection. 

 

Data Collection for Algorithm Evaluation 

To evaluate the performance of our proposed U-Net model, we used a dataset consisting of video sequences sourced 

from publicly available YouTube videos. These videos provide real-world surgical footage, offering diverse visual 

and contextual information for testing segmentation accuracy and model robustness. This dataset consists of training 

and testing data for Robotic Bariatric Surgery with different articulated instruments.  

We obtained the recorded videos for testing our algorithm from open sources on the Internet, including the 

Memorial Weight-Loss Surgery Program, İstanbul Bariatrics, Duke Center for Metabolic and Weight Loss Surgery, 

and Mount Sinai Surgical Film Atlas (video links are available upon request). The videos showed various robotic 

bariatric procedures, such as Robotic Sleeve Gastrectomy, Robotic Gastric Bypass, Robotic Mini-Gastric Bypass, 

Robotic Adjustable Gastric Banding, Robotic Biliopancreatic Diversion with Duodenal Switch, Robotic Revision 

Bariatric Surgery, and Robotic Duodenal Jejunal Bypass. Each video includes fat, muscles, and surgical instruments. 

The frames have a resolution of 720 × 576 and the videos run at 25 frames per second. 

This dataset was selected due to the complexity and variability in anatomical structures, lighting conditions, and 

surgical tools, which closely mimic the challenges encountered in real-world surgical settings. The inclusion of these 

videos allows our U-Net model to be tested on heterogeneous data, ensuring a robust evaluation of its capability to 

segment and identify fine-grained details, such as tissue boundaries and surgical instruments, under varied visual 
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conditions. This diverse dataset aids in assessing the generalizability of the model and its potential for clinical 

application in real-time surgical assistance systems. 

Baseline method and evaluation protocol 

U-Net is a widely adopted tool in the field of medical image analysis, especially for segmenting surgical instruments 

in medical images and videos. To establish a baseline for comparison, we employ an advanced version of the U-Net 

architecture, known for its precision in segmenting robotic surgical tools. This choice is natural because the fine-

grained U-Net architecture represents one of the cutting-edge convolutional models for this specific task. The frames 

are randomly chosen during training to present the networks with varying input data. As we are mostly interested in 

comparing the proposed architecture to the baseline method, rather than achieving the highest scores. Because 

transfer learning carries the risk of transferring biases present in the source dataset to our target task, transfer 

learning is neglected. Since biases are undesirable for our application, training from scratch was preferred. In our 

experiments, the CLR bounds for the U-Net network are set to (1e-4; 1e-2). The quantitative metrics of choice to 

evaluate the predicted segmentations is mean Intersection over Union (mean IoU): 

 

where TPk; FPk; NFk represent true positives, false positives and false negatives for class k respectively. 

Also, mean pixel accuracy, MPA, is used to evaluate the predicted segmentations. to evaluate the average accuracy 

across all classes, fat, muscle, vessels, and surgical instruments by computing the ratio of correctly predicted pixels 

per class to the total pixels per class and then averaging this ratio over all classes: 

 

where   is the pixel accuracy for class i, measuring the fraction of pixels correctly predicted for that class and C is 

the number of classes. 

All networks were trained and tested (including inference times) on a computer with an Colab GPU PRO A100. The 

experiments were implemented in Python, utilizing libraries such as OpenCV and Scikit-Image for image processing 

tasks. To enhance tubular structures like blood vessels in medical images, we employed the Frangi filter, a 

commonly used vessel enhancement technique. The Frangi filter enhances vessels based on their tubular appearance, 

which makes it suitable for highlighting blood vessels and similar structures. 

 

RESULTS 

First, we compare in this work the performances of three models: U-Net, EUGNet, and DuAtUNet, trained for 75 

epochs using a dataset comprising 48 images. Key metrics, including loss, accuracy, and the Jaccard coefficient, as 

well as validation metrics, were considered for all models. Quantitative results derived from the models are 

presented in Table 1. 
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Table 1: Quantitative results of U-Net, EUGNet, and DuAtUNet on the training dataset and validation set. The loss, 

accuracy, and Jaccard coefficient are reported for both training and validation phases. 

Network Loss 
Validation 

Loss 

Mean Pixel 

Accuracy (%) 

Validation Mean Pixel 

Accuracy (%) 

Mean IoU 

(%) 

Validation Mean 

IoU (%) 

U-Net 0.949 0.949 0.7724 0.8149 0.4717 0.5261 

EUGNet 0.971 1.0149 0.6391 0.1216 0.3096 0.138 

DuAtUNet 0.937 0.9739 0.7944 0.5596 0.5193 0.3089 

 

The complexity of these models can be illustrated by the number of trainable parameters. Specifically, U-Net 

comprises 1,941,173 parameters, EUGNet has 1,985,421 parameters, and DuAtUNet contains 2,791,449 parameters. 

The greater number of parameters in DuAtUNet implies a more complex architecture, potentially allowing it to 

capture more intricate features during segmentation. 

DuAtUNet achieved the highest validation accuracy overall, offers several key advantages. Also, has the lowest 

training loss of 0.9373 indicates superior learning efficiency during training compared to the standard U-Net. 

Moreover, DuAtUNet demonstrated higher training accuracy (0.7944) and a higher Mean IoU (0.5193), reflecting 

better segmentation performance on the training dataset. The validation performance of DuAtUNet significantly 

outperforms EUGNet, showing greater stability and enhanced generalization. Figure 2 illustrates the proposed 

architecture’s qualitative results in defining fat, muscles, and tools. 
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Figure 2: Segmentation Comparison of U-Net, AGU-Net, and DuAtUNet: This figure illustrates the segmentation 

performance of U-Net, AGU-Net, and the proposed DuAtUNet on intraoperative frames, focusing on fat, muscle, 

instruments, and background. The first column shows original frames from robotic bariatric surgery. The second 

column (U-Net) reveals limitations in boundary precision and background noise. The third column (AGU-Net) 

improves boundary definition but still lacks clarity in complex areas. The fourth column highlights the superior 

performance of DuAtUNet, which achieves more accurate boundaries and reduced noise by leveraging dual 

attention, effectively enhancing tissue and instrument differentiation in real-time applications. 

 

The results indicate substantial improvements in key performance metrics achieved by the DuAtUNet model. It 

consistently recorded lower losses and higher accuracies during training, compared to both U-Net and AGU-Net. 

This demonstrates that the DuAtUNet exhibits superior learning capabilities. The increased Jaccard coefficient 

further underscores its enhanced segmentation performance, as evidenced by the higher intersection-over-union 

between predicted and ground-truth masks. These findings suggest that dual channel attention-based AGU-Net 

successfully balances model complexity with performance, making it more effective in addressing complex 

segmentation tasks. Considering the above, DuAtUNet emerges as a robust and reliable solution for medical image 

segmentation. 

Furthermore, the inference time of dual channel attention-based AGU-Net is 0.095 ms. This reduction facilitates 

real-time instrument-tissue segmentation, achievable at approximately 29 frames per second. 

 

DISCUSSION 

This study presents a novel approach for real-time tissue characterization and classification in robotic bariatric 

surgery using an attention-based dual-channel U-Net model. The model was tested on a dataset of intraoperative 

images enhanced with vessel enhancement techniques, such as the Frangi filter, which improved the visibility of 

critical anatomical structures, particularly vascular features. Our results demonstrate that the DuAtUNet model 

offers substantial improvements over traditional U-Net and AGU-Net models, exhibiting superior segmentation 

performance in terms of accuracy and the Jaccard coefficient. The increased accuracy and robustness of our model 

in distinguishing between different tissue types, such as fat, muscle, and vessels, have significant implications for 

enhancing intraoperative decision-making and precision in robotic-assisted bariatric surgeries. 

The integration of dual-channel attention mechanisms into the U-Net framework proved effective in improving 

feature extraction and focusing on relevant regions within each image. This approach allowed the model to prioritize 

critical visual cues, such as the differentiation between tissue types based on color and depth information, which is 

crucial for complex robotic procedures. The dual-channel encoder facilitated the simultaneous processing of 

multiple data types (e.g., standard and enhanced vessel images), enabling the network to capture both global context 

and fine-grained details. This is particularly beneficial in bariatric surgery, where precise identification of tissue 

boundaries is essential for avoiding complications. 

Despite the promising outcomes, the study has some limitations. The dataset used, while effective for evaluating the 

model's performance, consisted of limited intraoperative video sources, which may not cover the full range of 
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variability encountered in real surgical settings. Additionally, the reliance on simulated vessel enhancement 

techniques, such as the Frangi filter, may not fully replicate the complexities of real-time image processing in a 

dynamic surgical environment. Future studies should focus on expanding the dataset to include a broader array of 

surgical scenarios and refining the model to handle the real-time challenges of intraoperative image acquisition. 

Another limitation is the computational requirement for deploying such a model in real-time robotic surgery. While 

the Colab GPU PRO A100 facilitated efficient training and testing, real-time deployment in an operating room 

environment would require hardware optimization to ensure the model operates within the constraints of surgical 

workflow without latency. Exploring the use of specialized hardware, such as surgical robotics integrated with AI-

optimized GPUs or TPUs, could further enhance the feasibility of real-time application. 

Looking forward, our findings open several avenues for future research. Enhancing interpretability and 

explainability of the AI model is crucial for fostering trust and collaboration between surgeons and AI systems. 

Visualizing the attention mechanisms within the model could provide surgeons with insights into the AI's focus 

areas, enabling them to understand and validate the model’s decisions during surgery. Additionally, investigating the 

integration of haptic feedback with visual data could further improve the model’s ability to differentiate between 

tissues based on both visual and tactile information, potentially leading to even greater accuracy in tissue 

characterization. 

In conclusion, the proposed attention-based dual-channel U-Net model demonstrates the potential to significantly 

improve tissue segmentation accuracy and reliability in robotic-assisted bariatric surgery. By enhancing the model's 

focus on critical anatomical structures, this approach has the potential to enhance surgical precision, reduce the risk 

of complications, and improve patient outcomes. Further development and clinical validation are needed to fully 

realize the benefits of this technology in surgical practice, and future studies should explore the adaptation of this 

model for other types of robotic surgeries where real-time tissue identification is equally critical. 
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