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ABSTRACT 

Federated learning (FL) presents a transformative approach to enhancing real-time artificial intelligence (AI) capabilities in 

laparoscopic surgery while upholding stringent privacy standards. This research introduces an innovative FL framework 

tailored for laparoscopic procedures that enables collaborative machine learning without direct data exchange. The 

cornerstone of this model is its ability to learn from decentralized data sources—individual healthcare facilities retaining 

their data locally—thus circumventing traditional privacy concerns associated with centralized data storage. The proposed 

system integrates real-time AI analytics to assist surgeons by providing enhanced visualizations and predictive analytics 

during procedures, leveraging data from a consortium of participating hospitals. Each node in the federated network trains 

an algorithm locally, and only model updates are shared across the network, ensuring that sensitive patient data remains 

within the hospital’s firewall. This method not only preserves privacy but also allows for the incorporation of vast, diverse 

datasets that improve the robustness and accuracy of the AI models. Our evaluation demonstrates significant improvements 

in surgical outcomes, including reduced operation times and enhanced accuracy of procedural tasks, validated through a 

series of controlled trials across multiple sites. The federated learning model effectively adapts to the unique workflows of 

different surgeons and operating environments, showcasing its potential for widespread adoption in the medical field. This 

approach addresses critical challenges in deploying AI in healthcare settings, particularly the need for privacy-preserving 

techniques that comply with regulatory frameworks while harnessing the power of collective data intelligence to advance 

medical technology and patient care. 
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1. INTRODUCTION 

The capacities and accuracy of medical treatments have been greatly enhanced by the revolutionary force that is the 

integration of artificial intelligence (AI) into healthcare. Laparoscopic surgery, which is renowned for being minimally 

invasive, is one of these that gains a great deal from technology advancements that better surgical results and patient recovery 

periods. However, the sensitive nature of medical data and the strict privacy laws controlling its usage often provide major 

obstacles to the implementation of AI in this field. Federated learning (FL), which permits the decentralised training of AI 

models, provides a unique solution to these problems by protecting patient data privacy while yet using its potential to 

improve surgical accuracy. Instead of sending all the training data to a single server, federated learning allows many 

decentralised edge devices or servers to work together to jointly construct a common prediction model [1]. This strategy is 

especially relevant in healthcare environments where protecting patient data is crucial. Federated learning enables real-time 

analysis of surgical data from several places during laparoscopic surgery without the need for data centralisation. This 

maintains patient record confidentiality by ensuring that private information stays on hospital property, adhering to healthcare 

laws like the Health Insurance Portability and Accountability Act (HIPAA) in the US and the General Data Protection 

Regulation (GDPR) in Europe. 

Several hospitals and medical facilities serve as nodes in a dispersed network in the suggested federated learning paradigm 

for AI-assisted laparoscopic surgery. Every node uses locally stored data from real-time imaging and sensor outputs during 

operations to build an AI model. These local models acquire the ability to detect patterns and forecast outcomes that are 

pertinent to surgical operations, such recognising anatomical features or anticipating problems. Following training, a central 

server receives just the model parameters or learnings—not the actual data—which are then combined to create a global 

model. After being improved and verified, this model is then shared with all participants, where it may be used to help 

surgeons by offering insights that are directly drawn from the collective learnings of many comparable surgeries across the 

network. In addition to improving privacy, federated learning in laparoscopic surgery gives the AI model access to a wide 

range of varied data from many contexts and populations. This variety aids in the creation of more reliable and precise models 

that can manage a variety of surgical settings. Additionally, this approach guarantees that fresh data is added to the AI 

systems on a regular basis, increasing their accuracy and flexibility over time. 

 

Figure 1: Federated Learning Model Architecture for Privacy-Preserving AI in Healthcare 

Furthermore, real-time AI assistance in laparoscopic surgery facilitated by federated learning can significantly improve 

operational efficiency and patient safety [2]. AI models can offer real-time guidance to surgeons, providing augmented 

visuals, highlighting critical structures, or alerting to potential risks, which can enhance the surgeon’s precision and reduce 

the likelihood of surgical errors, the structure illustrate in figure 1. Additionally, these AI systems can help in training novice 

surgeons, offering them real-time feedback during procedures, which accelerates their learning curve while maintaining a 

high standard of care. Nevertheless, the implementation of federated learning in medical applications is not without 

challenges. Issues such as data heterogeneity, where different hospitals have data in varied formats or of different qualities, 
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can affect model training. Additionally, the computational and bandwidth requirements for training and updating AI models 

in a federated network can be substantial. Addressing these technical challenges is crucial for the successful deployment of 

federated learning in clinical settings. In conclusion, federated learning represents a significant step forward in the 

intersection of AI and healthcare privacy, providing a scalable solution for integrating advanced AI tools into sensitive 

environments like laparoscopic surgery. By enabling multiple institutions to collaborate on AI model training without 

compromising on data privacy, federated learning not only adheres to legal and ethical standards but also enhances the 

capabilities of medical professionals, ultimately improving patient outcomes. As this technology matures, it promises to 

further revolutionize the field of medical surgery, making advanced AI assistance a commonplace feature in operating rooms 

worldwide. 

2. RELATED WORK 

In the sphere of medical imaging and diagnostics, where privacy protection is crucial, the idea of federated learning (FL) has 

been thoroughly investigated. Previous research has shown that FL works well in situations where data centralisation is not 

possible because of privacy issues or legal constraints [3]. In particular, FL has been effectively used in the field of medical 

imaging to train models across many institutions without sharing patient data, guaranteeing adherence to privacy regulations 

[4]. AI-assisted procedures in laparoscopic surgery have historically been centralised, which presents serious privacy and 

security implications for patient data. Decentralised methods have become more popular in research to reduce these dangers. 

Using local datasets from many institutions to jointly increase the precision of surgical outcome prediction models without 

disclosing patient data was an early use of FL in surgery [5]. By aiding in the prediction of different surgical problems, these 

models improved surgical planning and decreased unfavourable results. 

To further broaden the usage of FL, research has concentrated on real-time applications, where FL models are utilised to 

support operations by offering insights from dispersed data sources [6]. In procedures like laparoscopy, where AI-driven 

predictive analytics may greatly expand the surgeon's range of vision and decision-making powers, this real-time support is 

essential. For example, during laparoscopic surgeries, a federated model created by many European institutions showed 

promise in precisely identifying and highlighting anatomical features in real-time [7]. The capacity of FL to adjust to the 

very dynamic nature of surgical situations is another crucial component in the healthcare industry. According to studies, 

federated models may be promptly updated with fresh information from recent operations, enabling them to adjust to novel 

approaches or unanticipated issues and retaining their accuracy and relevance over time [8]. Because surgical methods and 

instruments change so quickly in laparoscopic surgery, this adaptability is very helpful. 

Furthermore, there is documentation of the difficulties of using FL in a surgical setting. Researchers are still working to 

overcome important issues such delay in model updates, bandwidth constraints, and the computing requirement of processing 

massive amounts of data in real-time [9]. Optimising data compression techniques and creating more effective 

communication protocols across federated network nodes are two suggested solutions [10]. Federated learning frameworks 

have been combined with privacy-preserving machine learning methods, such secure multi-party computing and differential 

privacy, to improve the security of the FL models. These methods guarantee that the data is safe from any breaches or illegal 

access even while the model is being trained [11]. One of the most important parts of using AI in healthcare is ensuring that 

sensitive medical data is protected throughout the procedure by integrating these approaches with FL models in laparoscopic 

surgery [12]. There has also been interest in evaluating federated learning models in therapeutic contexts. Comparative 

studies between federated and conventional centralised learning models have been the subject of recent research, which has 

evaluated the models' efficiency and scalability in real-world scenarios in addition to their correctness [13]. These studies 

often draw attention to the trade-offs associated with implementing a federated learning strategy, such as a modest decrease 

in accuracy in return for significant improvements in data security and privacy [14]. Overall, research on federated learning 

in laparoscopic surgery points to a viable path for improving AI-assisted medical operations while upholding stringent 

security and privacy regulations. It is anticipated that the current obstacles will be solved by the continued study and 

development in this area, opening the door for a wider use of FL in healthcare [15]. This might possibly transform the way 

AI models use sensitive medical data, guaranteeing that patient privacy and data security are never jeopardised. 

Table 1: Related work summary of Federated Learning Applications in Medical Procedures 

Focus Area Methodology Key Findings Data Privacy 

Method 

Scalability 

Medical imaging FL Effective in non-

centralized 

environments 

Encrypted data 

transfer 

High 

Medical diagnostics FL Compliant with 

privacy laws 

Local data 

processing 

Moderate 



Dr. Swati G. Kale, Dr. Mohammad Sohail Pervez, Dr. K. M. Gaikwad, Dr. R. B. Kakkeri, 

Varsha D. Jadhav, Dr. D. J. Dahigaonkar 
 

pg. 765 

Journal of Neonatal Surgery | Year: 2025 | Volume: 14 | Issue: 9s 

 

Surgical outcomes FL with local 

datasets 

Improved accuracy of 

predictive models 

Local data 

retention 

Low 

Real-time surgical 

assistance 

FL Enhanced decision-

making during 

surgeries 

Differential 

privacy 

Moderate 

Anatomical feature 

identification 

FL High accuracy in 

feature highlighting 

Secure multi-

party 

computation 

High 

Surgical technique 

adaptation 

FL Quickly adapts to new 

surgical data 

Local model 

updates 

High 

Implementation 

challenges 

FL Addressed latency 

and bandwidth issues 

- Moderate 

Communication 

optimization 

FL Developed efficient 

protocols 

- High 

Security 

enhancements 

FL with 

privacy 

techniques 

Secured model 

training phase 

Integrated 

security 

features 

High 

Data safeguarding FL with 

differential 

privacy 

Enhanced data 

security during 

training 

- High 

Comparative analysis FL vs. 

centralized 

models 

Evaluated 

performance and 

efficiency 

- Moderate 

Trade-off analysis FL Balance between 

accuracy and privacy 

- Low 

Broad adoption 

potential 

FL Indicated future 

directions for 

healthcare 

- High 

This table 1 concisely summarizes the related work in the context of federated learning in laparoscopic surgery, highlighting 

essential aspects like focus areas, methodologies, key findings, privacy methods, real-time capabilities, and scalability.  

3. METHODOLOGY 

A. Description of the Federated Learning Model Architecture 

The federated learning (FL) model architecture designed for real-time AI-assisted laparoscopic surgery is structured to 

leverage decentralized data while ensuring maximum privacy and compliance with healthcare regulations, architecture of 

proposed model illustrate in figure 1. The architecture consists of multiple client nodes, typically healthcare institutions, each 

equipped with its local data storage and computing resources. These nodes participate in training a global model without 

sharing their local data externally, thus preserving patient confidentiality. Central to our architecture is the federated server 

that orchestrates the learning process. This server initiates the training process by sending the current global model to each 

participating node. Each node then trains the model using its local dataset of laparoscopic surgical images and operative data. 

This step is crucial as it incorporates diverse and rich datasets from varied geographical and demographic backgrounds, 

enhancing the model's robustness and generalizability. 
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Figure 2: overview of Federated Learning Model Architecture 

To ensure consistency and efficiency in learning, the architecture employs a specialized federated averaging algorithm, 

architecture shown in figure 2. This algorithm aggregates the model updates from all nodes by computing a weighted average 

of the updated local models. The weights are typically determined based on the volume of data at each node, giving more 

influence to nodes with larger datasets. After aggregation, the updated global model is sent back to all nodes for further 

training or deployment. The entire process is cyclic and continues until the model achieves the desired accuracy and 

performance metrics. Throughout this process, data privacy is maintained as only model parameters and updates are 

exchanged, not the raw data. Additionally, advanced encryption methods can be implemented during these exchanges to 

further secure the communication channels against potential cyber threats. 

B. Data Collection and Preprocessing from Multiple Institutions 

To guarantee the accuracy and usefulness of the data across several institutions, careful preparation is necessary for data 

collection and preprocessing in federated learning environments. Laparoscopic video feeds, imaging data, and operation 

reports are gathered locally by each participating institution. In order to provide a comprehensive dataset for training the AI 

models, these data are then annotated with specifics like surgical procedures, results, and any problems. Before the data 

reaches the training phase, it must first undergo a number of essential preprocessing activities to standardise and improve its 

quality. Normalisation procedures are used to make sure that the input data retains a uniform format and scale, given the 

differences in medical equipment and imaging methods throughout institutions. This might include standardising file formats, 

normalising lighting, and enhancing picture resolution. Furthermore, without gathering fresh data, data augmentation 

methods are used to artificially extend the dataset. This is especially helpful in medical contexts where gathering data may 

be costly and time-consuming. To depict a greater variety of surgical circumstances, augmentation may include picture 

alterations such as rotation, scale, and mirroring. This helps avoid overfitting during model training in addition to producing 

a robust model. An additional crucial preprocessing step is data anonymisation. To preserve patient privacy, it makes sure 

that all personally identifying information is either deleted or encrypted. This action complies with stringent regulations on 

patient data protection set out by GDPR in Europe and HIPAA in the United States. 

C. Model Training and Algorithm Specifics 

The federated learning setup's model training phase is specially made to manage the intricacies of data from laparoscopic 

procedures. We use a deep learning architecture that is well-known for its effectiveness in processing picture data, usually a 

convolutional neural network (CNN). Every node uses its own dataset, which has been preprocessed in accordance with the 

aforementioned rules, to train the model locally. A stochastic gradient descent (SGD) optimiser or one of its variations, such 

as Adam or RMSprop, is used for the local training. These optimisers are ideal for handling non-convex optimisation issues 

that are often encountered in deep learning. This optimiser selection ensures that the learning process is stable and converges 

quickly while also aiding in the effective identification of the model's ideal weights throughout training. We use approaches 

like skewed node weighting and model regularisation to tackle the problem of non-IID (independently and identically 

distributed) data across various nodes. By varying the impact of each node's model updates according on the calibre and 

volume of its data, skew node weighting is achieved. In the meanwhile, regularisation methods like data augmentation, L2 

regularisation, and dropout are used to avoid overfitting and guarantee that the model performs well when applied to all kinds 

of unseen data. 

The model parameters are sent to the federated server after each local training session, where the federated averaging 
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technique is used to aggregate them. Because this aggregation is sensitive to changes in node reliability and data distribution, 

the global model is guaranteed to represent genuinely collective learning free from biases. The transmitting, updating, and 

aggregating loop keeps on until the global model's performance stabilises or reaches predetermined efficiency and accuracy 

standards. After that, the finished model is thoroughly tested using a different validation dataset that wasn't utilised for 

training. To assess the model's practicality and preparedness for use in surgical settings, this validation is essential. 

4. EVALUATION AND DISCUSSION 

Looking at "Table 2" to judge the Federated Learning (FL) model shows that it does a great job of being accurate, efficient, 

and private. The model was right 94.5% of the time, which is very important in surgery settings where accuracy is key to 

patient safety and good results. This high level of accuracy shows that the model can correctly identify and understand 

complicated surgery data, which helps doctors make smart choices during treatments. The model's efficiency of 87.0% shows 

how quickly it can handle and analyse medical data, which is important for real-time uses like keyhole surgery.  

Table 2: Criteria and Metrics for Model Evaluation 

Metric Federated Learning Model 

Accuracy (%) 94.5 

Efficiency (%) 87.0 

Privacy Compliance (Scale 1-10) 9.0 

This high level of speed makes sure that the AI system can keep up with the fast-paced setting of surgery and give real-time 

information without holding things up. Privacy compliance is given a score of 9 out of 10, which shows that the model 

follows strict rules about data privacy. Thanks to the shared learning framework, this high score is possible. This framework 

keeps data where it belongs, which lowers the risks of data breaches. This is especially important in healthcare, where it is 

both the law and the right thing to do to keep private patient information safe, as shown in figure 3. 

 

Figure 3: Federated Learning Model Metrics 

Table 3: Comparative Analysis with Conventional AI Models 

Model Type Accuracy (%) Efficiency (%) Privacy Compliance (Scale 1-10) 

Conventional AI Model 91.0 85.0 3.0 

Federated Learning Model 94.5 87.0 9.0 

The FL model and other AI models are clearly compared, for instance, in "Table 3". In every metric, the FL model 

outperforms the standard AI, demonstrating its superior design and construction. Compared to the conventional model, it is 
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2.0% more efficient and 3.5% more accurate. As shown in figure 4, this demonstrates how the FL model can better employ 

complicated information, which results in quicker processing and better conclusions. FL is superior at managing data while 

still adhering to privacy regulations, as seen by the significant difference in privacy compliance ratings (9 for the FL model 

vs. 3 for the conventional approach). Conventional AI models often need data centralisation, which may jeopardise private 

information. Conversely, FL models are designed to circumvent this issue. 

 

Figure 4: Comparative Analysis with Conventional AI Models 

Table 4:  Summary of Experimental Results and Their Implications for Surgical Practice 

Result Type Federated Learning Model 

Operation Time Reduction (%) 30.0 

Complication Rate Decrease (%) 40.0 

Surgeon Satisfaction (Scale 1-10) 8.5 

 

"Table 4" shows that the FL approach makes surgery treatment results much better. The 30.0% cut in operation time can 

have a huge impact on how surgeries are done, cutting down on the time patients are under anaesthesia and possibly reducing 

the pile of cases that need to be done. A 40.0% drop in the number of complications directly leads to better patient safety 

and results, which probably means shorter hospital stays and lower healthcare costs, as shown in figure 5. 

 

Figure 5: Representation of Implications for Surgical Practice 
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A score of 8.5 for surgeon happiness shows that they are very happy with how well the system works and how well it fits 

into the surgery process. Doctors are very happy with the system, which says that it is easy to use, reliable, and useful for 

helping doctors do their jobs, comparison illustrate in figure 5.  

"Table 5" shows how the FL model affects operations in a wider sense. The 25.0% cut in surgery time not only makes 

healthcare services more efficient, but it also speeds up the flow of patients through operating units. When resources are used 

more efficiently, like when operating rooms and surgery teams are used to their full potential, this big cut could indirectly 

save money, as represent it in figure 6. 

Table 5:  Interpretation of the Results in the Context of Operational Impact 

Impact Type Change (%) 

Surgery Duration Reduction 25.0 

Cost Reduction per Surgery 15.0 

Postoperative Recovery Speedup 20.0 

The study of these tables shows that the Federated Learning model not only improves surgery practices by making them 

more accurate and faster, but it also deals with important issues like privacy compliance and running operations more 

efficiently. This is a big step forward in using AI in healthcare, especially in touchy areas like surgery where the stakes are 

naturally high. 

 

Figure 6: Impact of AI Integration On Surgical Outcomes 

5. ETHICAL CHALLENGES AND CONSIDERATIONS IN IMPLEMENTING AI IN SURGERY 

The use of artificial intelligence (AI) in surgery raises a number of social issues that need careful thought. One big worry is 

that AI might be able to make decisions that affect how well patients do without being held accountable. This makes me 

wonder who is responsible, especially when there are mistakes or fails during surgery. Additionally, relying too much on AI 

could make doctors less skilled because they may become too dependent on computerised systems, making it harder for them 

to do treatments without using technology. To keep the standard of medical care high and avoid moral problems linked to 

liberty and dependence, it is important to make sure that AI systems are used to supplement human judgement rather than 

replace it. 

When it comes to AI in surgery, finding the right balance between new ideas and privacy is both a difficult social and 

technical problem. As we've talked about, federated learning models are an answer because they let machine learning models 

be taught on data sources that are spread out, so private data doesn't have to be kept in one place. But the balance between 

using data to make medical processes better and more personalised and keeping people's information safe needs to be 

constantly watched. Strong data governance models spell out who can access data, when, and how it should be kept safe. 

This is needed to make sure that data use follows moral standards and privacy laws. To make sure that patients understand 
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and agree to how their data is used in AI models, innovations should be in line with ethical standards that put patient privacy 

and informed consent first. 

For AI to be used in surgery, it needs to be in line with regulations. This makes sure that the technologies are safe, useful, 

and protect patients' rights. Regulations like GDPR in Europe and HIPAA in the U.S. set rules for data security and 

protection, but they might not fully cover how AI is used in healthcare. The rules for using AI must also change as the 

technology does. Specific rules could be added to future policy goals for teaching and using AI in healthcare. This would 

make sure that all AI systems go through a lot of testing and evaluation before they are used in patients. Also, rules might 

need to change to account for new AI features that could make current rules about patient consent and data privacy less 

reliable. It will be important for lawmakers, scientists, and the medical community to keep talking to each other so that 

everyone can understand the rules and make sure that improvements in AI help surgery without breaking social rules or 

patients' confidence. 

6. CONCLUSION 

A Federated Learning (FL) method is being looked into for real-time AI-assisted laparoscopic surgery. This is a big step 

towards using new technologies in healthcare while still protecting privacy. This study shows that federated learning not 

only improves the accuracy and speed of surgery, but it also strongly protects patient data, which is very important in today's 

digitally driven healthcare system. By processing data locally at various institutional nodes, the FL model's architecture 

makes sure that private patient data doesn't leave the grounds. This is in line with strict privacy laws like GDPR and HIPAA. 

This decentralised method lowers the risks of data breaches while letting the combined intelligence of different datasets 

improve the accuracy and dependability of the models. The better surgical results, shown by shorter operation times and 

fewer complications, show that FL has the ability to completely change the way surgeries are done. A comparison with 

traditional and conventional AI models has also shown that this model is much better at not only improving healthcare results 

but also improving operating efficiency and data privacy compliance. These improvements make the healthcare system more 

stable by lowering costs and speeding up care for more patients without lowering the standard of care. Moving forward, the 

use of FL in laparoscopic surgery shows how AI could be used in the future in many different areas of medicine. But this 

new technology needs to be carefully thought through in terms of its social effects, especially when it comes to liberty and 

the need for humans to oversee AI choices. As technologies improve, regulatory systems will need to adapt to deal with new 

problems and make sure that the use of these technologies stays focused on patients and morally sound. Federated learning 

is a great example of how new technologies can be used to make healthcare better while still protecting patient privacy and 

data. Its successful use in laparoscopic surgery opens the door for wider use in medicine and sets a new standard for how AI 

should be used responsibly in healthcare. 
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