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Abstract: Early polyp detection is vital in avoiding colorectal cancer, a top contributor to cancer-related deaths globally. 

Automated polyp detection has been greatly improved by deep learning, but extensive deployment tends to be hampered 

by patient data privacy fears. For this purpose, we suggest a federated learning (FL) paradigm that enables decentralized 

model training without sharing raw patient data while having high diagnostic accuracy. We first performed an extensive 

evaluation using DL models on a polyp dataset that we gathered. MobileNetV2 was the best performing model as per 

important metrics like accuracy, precision, recall, and F1 score. In order to further expand its representational power, we 

incorporated a transformer module into MobileNetV2 so that the model can better capture long-range dependencies and 

context information. Our new Transformer-Enhanced MobileNetV2 model was then implemented on several simulated 
clients in a federated learning scenario. This configuration enabled training over decentralized clinical data without 

violating patient privacy. We utilized standard FL algorithms for model averaging and evaluated the system in accuracy, 

precision, recall, F1 score, and convergence time. The devised approach performed extremely well with an accuracy of 

98.37% and an F1 score of 0.971 while converging effectively in 27-33 rounds. These findings imply that a promising 

path for safe and effective medical image analysis is to combine transformer designs with lightweight models in a 

federated condition. 

 

Index Terms: Polyp Detection Federated Learning, MobileNetV2, Transformer, Privacy-Preserving AI, Medical Image 

Analysis, Deep Learning, Colonoscopy, Lightweight CNN, Decentralized Training. 

 

 

1. Introduction 

As one of the primary causes of cancer-related deaths, colorectal cancer continues to be a major global health 

concern. A high percentage of these instances are caused by polyps abnormal tissue growths on the colon or rectum that, 

if they are discovered and excised before the lesions become malignant, can be prevented from causing cancer. 

Colonoscopy is presently the standard for the detection of polyps, but it is time-consuming and operator-dependent, 

which raises the risk of false-negative diagnoses, particularly for small or flat lesions. In response to the growing 

demand for reliable and economical screening, deep learning-based AI methods have become essential in the 

progression of computer-aided detection in medical imaging applications. 

https://orcid.org/0009-0005-0208-6244?lang=en
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CNNs with deep architectures have been extensively successful in segmenting and classifying polyps from 

colonoscopy images. [2] Nevertheless, conventional training of high-achieving CNN models entails large amounts of 

annotated medical data obtained from varied patient populations. In reality, this is a major challenge because there are 

stringent rules around data privacy, [3] like HIPAA and GDPR, which ban centralizing sensitive patient data among 

institutions. In addition, heterogeneity among imaging protocols and patient populations at different medical centers 

also compounds the challenge in gathering an integrated dataset. Federated learning (FL) is a recent paradigm that has 

been identified as a promising solution to these challenges. In contrast to conventional centralized methods [4], FL 

allows for model training collaboratively on multiple decentralized data sources without exposing raw data to a central 

server. Parameters or gradients, rather than raw data, are sent to a central server for aggregation only. This method not 

only alleviates privacy threats but also facilitates greater inclusion of hospitals and clinics, culminating in stronger and 

more generalizable models. With its promise, FL has attracted greater attention in numerous healthcare domains, such 
as diabetic retinopathy classification, COVID-19 diagnosis from chest X-rays, and brain tumor segmentation [5]. 

Despite this progress, limited research has explored the integration of FL with optimized, lightweight, and 

attention-augmented models specifically tailored for polyp detection [6]. Existing federated learning studies in medical 

imaging often rely on conventional CNN architectures, which, while powerful, are computationally intensive and not 

well-suited for deployment on resource-constrained client devices like endoscopy equipment or mobile diagnostic tools. 

The combined architecture, inspired by the principles of MobileViT, [7] was then deployed across a simulated federated 

environment comprising multiple clients. Each client represented a local medical site and retained its own subset of the 

polyp dataset. During each communication round, clients trained the hybrid model locally using their private data and 

sent the updated model parameters to a central server, where [8] federated averaging (FedAvg) was performed. This 

iterative process allowed us to collaboratively train a strong global model without compromising patient privacy. 

Our experiment is evaluated using publicly available colonoscopy image datasets within a realistic federated 
learning simulation environment. Model performance is assessed using standard metrics, including accuracy, precision, 

sensitivity, F1-score, and convergence speed. Experimental results demonstrate that the Transformer-enhanced 

MobileNetV2 consistently outperforms its non-Transformer counterpart and achieves competitive performance 

compared with centralized training baselines. Moreover, the model exhibits stable and efficient convergence under non-

IID data distributions, reflecting practical variations in imaging conditions, hardware, and patient populations 

commonly encountered in real-world federated settings. To the best of our knowledge, this work represents one of the 

earliest efforts to integrate a lightweight proposed architecture within a scalable federated learning framework for 

colorectal polyp detection, supported by a comprehensive comparison with recent federated medical imaging 

approaches. It is important to note that the privacy benefit of the proposed framework arises from the decentralized 

nature of federated learning, which avoids raw data sharing. Formal differential privacy mechanisms are not 

incorporated in the current study. In summary, this work makes the following key contributions: 
 

1. We present a detailed comparison of five widely-used CNN models for polyp classification and identify 

MobileNetV2 as the most effective and lightweight backbone for further optimization. 

2. We enhance MobileNetV2 with a transformer module to capture richer contextual information, thereby 

improving detection accuracy and robustness. 

3. We design a privacy-preserving federated learning system that enables decentralized training of the hybrid 

model across multiple clients. 

4. We validate our approach on realistic polyp datasets and show that it offers superior performance in terms of 

classification metrics and communication efficiency while preserving data confidentiality. 

 

The remaining portions of this work are organized as follows: Section 2 examines relevant research in federated 

learning and polyp detection.  The suggested technique, including the model architecture, transformer integration, and 
federated training process, is explained in Section 3.  The experimental design, datasets, and evaluation measures are 

described in Section 4.  The findings are shown in Section 5, together with a comparative analysis. Section 6 wraps up 

the study and addresses potential avenues for future research. 

2. Literature Review 

Peter O.O.E., et al. [9] presents a novel approach for augmenting colonoscopy datasets using fine-tuned text-to-

image generative models like Stable Diffusion and Dream Booth. It achieves high-quality synthetic image generation 

with a 2.36 Inception Score and significantly boosts the performance of classification models, with ViT achieving 93% 

accuracy. For segmentation, the use of SAM-generated masks and FPN yields strong results (IoU 0.64, Dice 0.77). 

Lima A.C.M., et al. [11] introduces an effective two-stage polyp detection method using transformers, combining 
saliency and depth map extraction with image channel fusion for enhanced accuracy. Evaluated on four public 

colonoscopy datasets, the method achieved impressive Average Precision scores 91% on CVC-ClinicDB, 92% on 

Kvasir-SEG, and 84% on CVC-ColonDB. By leveraging transformers and visual cues, the approach significantly 

improves polyp localization, addressing key limitations in traditional techniques. Ribeiro E. et al. [10] investigate deep 
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learning for automated colonic polyp classification using CNNs trained from scratch and pretrained architectures. 

"KoloPol," a real-time computer-aided polyp detection software (APDS), is evaluated by MD Peter K. et al. [12] in 

standard colonoscopy conditions.  The system showed encouraging viability when used in 55 procedures, detecting 75.3% 

of all polyps and obtaining a polyp detection ratio (PDR) of 50.9%. 

Gross S. et al. [13] demonstrates the effectiveness of a computer-based algorithm for detect colorectal polyps using 

narrow-banding image (NBI). Evaluated on 434 polyps from 214 patients, the algorithm achieved high diagnostic 

performance (accuracy of 93.1%, 95.0% of sensitivity and specificity of 90.3%), comparable to expert endoscopists and 

significantly outperforming nonexperts. The results remained consistent even for polyps 5 mm or smaller. Li H. et al. 

[14] presents NSPNet, a robust DL model for dynamic polyp detection in endoscopic videos. By combining wavelet-

based noise suppression, multivariate regression refinement, and a Combined High–Low Frequency Feature 

Aggregation (CHLFFA) framework, NSPNet enhances feature extraction under challenging visual conditions. Ali S. et 
al. [15] gives a detailed insight into the Endoscopy Artefact Detection (EAD) challenge, highlighting artefact detection 

as having a pivotal role in improving quantitative endoscopy. Using a large, varied dataset, 23 algorithms were assessed 

for artefact classification, localization, and segmentation. Krenzer A. et al. [16] introduce two computerized systems for 

colorectal polyp classification according to the Paris (form) and NICE (texture/surface) criteria. With the use of a two-

stage transformer-based methodology, the Paris classification reaches state-of-the-art accuracy of 89.35%. For NICE 

classification which suffers from limited data, a few-shot Deep Metric Learning algorithm provides a promising 

accuracy of 81.13%. The method incorporates heatmap-based explanation and large-scale ablation studies. Younas F. et 

al. [17] proposes a weighted ensemble of well-optimized deep learning models for multiclass colorectal polyp 

classification, successfully tackling challenges induced by hard-to-detect types such as serrated adenomas. With weak 

learners combined and hyper parameter fine-tuned, the model significantly outperforms all current methods. Tested on 

the UCI and PICCOLO datasets, it produces high accuracy (96.3%, 81.2%) and stable performance in precision, 
Cohen's Kappa, F1-score, and recall. Hsu C.M. et al. [18] introduce a DL approach for identifying and categorizing 

colorectal polyps from grayscale medical images, presenting a light-weight yet robust alternative to RGB and narrow-

band imaging. Benchmarked on CVC-Clinic and clinical information, the model had a 95.1% detection accuracy using 

grayscale images which was superior to that of RGB images. The model had high recall (95.2%) but performed poorly 

with small polyps.Korbar B. et al. [19] describe a deep learning approach to automatic classification of five typical 

types of colorectal polyps in whole-slide histopathology images. It was trained on 2,074 labeled crops and tested on 239 

test slides, with the model—employing residual network architecture being able to reach 93% accuracy in 

demonstrating its strength and consistency. Eriyanti N. A. et al. [20] offers a digital image processing system employing 

preprocessing, segmentation, feature extraction, and SVM classification. The workflow includes scaling, bilateral 

filtering, and watershed segmentation, followed by measurement of polyp characteristics. Tested on 20 images, the 

system achieved strong performance with 93.54% accuracy, 94.73% sensitivity, 85.71% precision, and 93.02% 
specificity. Lo C. M. et al. [21] proposes a quantitative polyp classification system using textural and deep 

convolutional neural network (DCNN) features to support rapid malignancy assessment during colonoscopy. The study 

employed a 1991 imaging dataset that included adenomatous and hyperplastic polyps.  Among the models that were 

examined were DenseNet-201, ResNet-101, Inception-V3, and AlexNet.  With an accuracy of 96.4%, AlexNet, which 

was trained from scratch, outperformed both handcrafted features and transfer learning. Gao H. et al. [22] introduces 

FedADT, a novel federated learning algorithm that improves convergence and robustness by incorporating adaptive step 

sizes and gradient differences in client updates. A moving average decay is applied to reduce noise in the derivative 

term. Theoretical analysis shows a convergence rate of for non-convex objectives. Experiments on MNIST and Fashion 

MNIST demonstrate improved performance, with ROC curves highlighting classification accuracy. 

Recent advances in colorectal polyp analysis have showcased the power of deep learning, federated learning, and 

hybrid systems in enhancing detection, classification, and segmentation accuracy. Multiple studies demonstrate the 

effectiveness of CNNs, transformers, ensemble learning, and image augmentation techniques in clinical and 
histopathological applications. Federated learning methods preserve privacy while maintaining high performance, and 

few-shot learning approaches address data scarcity. These developments highlight AI’s growing role in improving 

diagnostic accuracy, clinical decision-making and real-time support during colonoscopy, contributing significantly to 

colorectal cancer prevention and patient care. Despite significant progress, challenges remain in ensuring model 

generalizability, robustness across diverse datasets, and interpretability of results. Many studies focus on specific 

datasets or conditions, which may not reflect real-world variability in image quality, polyp types, or endoscopic 

equipment. Furthermore, although several architectures have achieved high accuracy, no single method consistently 

performs best across all tasks (detection, classification, segmentation). Data imbalance, especially with rare polyp types 

like serrated adenomas, also limits the performance of current models. Additionally, there is limited integration of these 

AI models into real-time clinical work flows, which hinders their practical utility. 

3. Proposed Framework 

The proposed framework, as given in Fig. 1, represents a federated learning approach tailored for polyp detection 

using three major components: Client-End Learning, Server-End Learning, and Client-Server Communication. At the 
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client side, image harmonization, augmentation, and advanced techniques like Visual Transformers and ensemble 

methods are applied for local feature learning. The server handles model aggregation and ensures IID label distribution 

with Non-IID evaluations. Communication ensures privacy by avoiding raw data sharing, uses lightweight model 

updates, and emphasizes fast convergence for efficient learning. The conceptual design of the proposed framework is 

illustrated in Fig. 1, while its complete implementation is detailed in Section 4 (Methodology). The following 

subsections describe the client-end learning, server-end aggregation, and client–server communication mechanisms in a 

structured manner. 

 

 

Fig. 1. Flow work of Proposed frame work Approach. 

4. Methodology 

4.1. Data Collection  

The Kvasir dataset, which includes a variety of gastrointestinal (GI) disorders and anatomical locations, was used 

in this study [1, 9, 10, 23, 24]. It comprises eight categories: dyed-lifted-polyps, ulcerative colitis, polyps, normal 

pylorus, normal cecum, dyed-resection-margins AND normal z-line. Each category is represented by 500 images, 

providing a balanced distribution across all classes. These images, as illustrated in the figure, exhibit clear visual 

differences that are valuable for training classification models. In order to help with the automated identification and 

classification of gastrointestinal anomalies in endoscopic images, the dataset promotes the development of AI systems. 

Fig. 2 shows sample pictures. 

 

 
Fig. 2. Sample of collected images. 
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4.2. Data Preprocessing 

This preprocessing chain improves polyp images for classification by combining various image processing methods. 

The input image is initially resized to a standard shape and subsequently may undergo optional Gaussian blurring to 

filter out noise. CLAHE is employed to enhance the local contrast, particularly in areas with non-uniform lighting [25]. 

Edge features are then extracted employing the Sobel operator, which emphasizes edges and textures relevant to model 

learning. Lastly, the image is normalized with min-max scaling such that pixel values range between [0, 1] to provide 

data that can be used for training deep learning models. These preprocessing methods are essential for image 

preparation prior to classification [26]. Resizing regulates image size, enabling the images to be compatible with CNN 

inputs. Gaussian blur assists in eliminating random noise, enhancing image sharpness without sacrificing significant 

features. CLAHE enhances localized contrast, rendering finer structures such as polyps more noticeable, particularly in 

conditions of uneven lighting. Sobel filtering improves edge details, accentuating contours and edges that help the 
model identify shape-based patterns. Finally, min-max normalization scales pixel intensities between 0 and 1, 

promoting faster and more stable training of deep learning models. The sample collection of pre-processed images is 

shown in Fig.3. 

 

 
Fig. 3. Sample pre-processed images of polyp. 

4.3. Data Augmentation 

Data augmentation [27] is essential for improving the accuracy and generalization of deep learning models, 
especially in medical image classification tasks like polyp detection. Due to the limited number of annotated medical 

images, augmentation helps to synthetically expand the dataset by applying various realistic transformations [28]. 

Techniques such as rotation, flipping, cropping, zooming, adjusting brightness and contrast, and adding noise introduce 

variability that allows the model to better handle differences in angle, lighting, and image quality as shown in 

Algorithm 1. In this work, we implemented these seven augmentation techniques on polyp images. Fig. 4 displays 

visual examples of each method applied during preprocessing. 

 
Algorithm 1. Image Augmentation Process 

Require: Image dataset D 

Ensure: Augmented dataset D′ 

1: Load image dataset D 
2: for each image I in D do 

3:  Apply Rotation to I by a random angle θ ∈ [−30◦,30◦] 

4:  Apply Flipping (horizontal and/or vertical) to I 
5:  Apply Cropping to a random region of I 
6:  Apply Zooming with a random scale factor s ∈ [0.8,1.2] 

7:  Adjust Brightness and Contrast of I randomly 
8:  G: Add Gaussian Noise with mean µ = 0 and variance σ2 
9:  Add the augmented image I′ to dataset D′ 

10: end for 

11: Return D′ 

 

 
Fig. 4. Sample Augmented Images of Polyps. 
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4.4. StyleGAN2 

After data collection and preprocessing, StyleGAN2 [29] is leveraged to augment the dataset by generating high-

quality synthetic images that closely mimic the original samples. This advanced GAN model is particularly effective at 

capturing fine details and intricate patterns, making it well-suited for generating realistic polyp images in medical 

imaging tasks. By creating diverse, high-resolution images for each class, StyleGAN2 [30] helps improve data diversity 

and overcome limitations in sample size. The primary objective of utilizing StyleGAN2 is to enhance the model’s 

ability to generalize, prevent overfitting, and improve its performance on previously unseen gastrointestinal images. 

Table 1 illustrates the model's performance over multiple epochs, showcasing important metrics such as discriminator 

accuracy, discriminator loss, generator loss, FID score, and inception score (IS). The StyleGAN2 model was used to 

generate 4,000 synthetic images, accounting for approximately 40% of the final training dataset. These synthetic 

samples were uniformly distributed across all federated clients and were utilized consistently in both centralized and 
federated training experiments. The quantitative impact of StyleGAN2-based data synthesis is analyzed through an 

ablation study presented in Table 8. 

Table 1. Performance of the StyleGAN2 model on our dataset. 

Epoch D. Acc D. Loss G. Loss FID Score Inception Score (IS) 

10 78 0.38 1.1 115.2 2.15 ± 0.05 

20 81.5 0.43 0.75 75 2.45 ± 0.07 

40 84.5 0.49 0.48 40.8 2.70 ± 0.08 

60 87.2 0.53 0.24 24.1 2.90 ± 0.10 

80 89 0.55 0.14 15.3 3.05 ± 0.11 

100 90.5 0.57 0.06 12.8 3.35 ± 0.09 

4.5. Voting-Based Model Selection 

In the initial phase of this study, we conducted a comparative evaluation as shown in Fig. 5, of five popular 

convolutional neural network (CNN) architectures: MobileNetV2, ResNet50, ResNet152, VGG16, and VGG19. These 

models were assessed based on their performance [31] on polyp image classification tasks using centralized training. 

The comparison considered key findings are accuracy, precision, recall, and F1 findings, as well as computational 

efficiency. Among the evaluated models, MobileNetV2 consistently outperformed the others, offering a favorable 

balance between lightweight design and predictive performance. Its low memory footprint and fast inference time made 

it particularly well-suited for deployment in a federated learning (FL) environment, where client devices may have 

limited computational capabilities. Based on these observations, MobileNetV2 was selected as the base model for 

further development and integration into the FL framework. The comparison results are given in the Results and 

Discussion section.Algorithm 2 given below presents a structured symbolic pseudo-code for the complete pipeline, 

combining DL model selection via performance voting and classification refinement through Transformer integration. 
 

 

Fig. 5. Voting-based model selection architecture. 

    ∑   
 
        (1) 

 
                                              

                                 ∑    
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Algorithm 2. Voting and Transformer Integration for Polyp Detection  

Require: D, M = {M1, M2, ..., Mn}, T                         //D:  Image Dataset 

Ensure: y //M: DL Models 

1: R ← ∅  //R: Metric Results 

2: for Mi ∈ M do  

3:  Mi ← Train(Mi, D)  

4:  (α, β, γ, δ) ← Evaluate(Mi) //α, β, γ, δ : Performance Matrices 

5:  R ← R ∪ {(α, β, γ, δ)}  

6: end for  

7: M* ←argmax(Vote(R)) //M*: Selected Model 

8: I ←Input(D)  

9: Φ ←M∗(I) //Φ: Feature map 

10: {ϕ1,ϕ2,...,ϕk} ← Flatten(Φ) //Φi: Flattened patch 

11: {ϕ1 +P,...,ϕk +P} //P: Position Encoding 

12: θT ← Init() //θT: Transformer parameters 

13: repeat  

14:  {ϕ′ i} ← MultiHead({ϕi + P}, θT)  

15:  {ϕ′′ i} ← FFN({ϕ′ i})  

16: until Converged = True  

17: G ← GAP({ϕ′′ i}) //G: Global pooled vector 

18: y ← ReLU(W · G + b) //W, b: FC layer weights, bias 

19: return y 

4.6. Transformer Integration 

To further enhance the model’s ability to capture global contextual relationships, especially important in medical 

imaging tasks involving subtle or spatially dispersed features, we introduced a Transformer [32] module into the 

architecture, as shown in Fig. 6 below. The motivation for this integration stemmed from the limitations observed in 

CNNs, which, although effective at local feature extraction, struggle with modeling long-range dependencies. By 

combining MobileNetV2 with a Transformer block [33], we aimed to improve the model’s capacity for detecting 

complex polyp structures without significantly increasing its computational load. MobileNetV2 serves as the feature 

extractor, extracting hierarchical features from input colonoscopy images using its depth wise separable convolutions 

and inverted residual blocks. Feature maps from the final bottleneck layer are used as input to the attention mechanism 

[34]. 

 

The Transformer module integrated with MobileNetV2 consists of two lightweight encoder layers with an 

embedding dimension of 128 and four multi-head self-attention heads. Each encoder layer includes a positional 
encoding stage, a multi-head attention block, and a feedforward network with a hidden dimension of 256, followed by 

layer normalization and residual connections. A dropout rate of 0.1 is applied after the attention and feed forward layers 

to mitigate overfitting. Learnable positional embeddings are used to preserve spatial information after feature map 

flattening. The complete Transformer hyperparameter configuration is summarized in Table 2.This module allows the 

model to reason about spatially distant features, particularly useful for improving the detection of small or irregular 

polyps. The whole working process of transformer learning using polyp data is given in Fig. 7.Classification Head: The 

enhanced feature representation is processed through global average pooling and passed to a fully connected layer with 

ReLU activation to classify the input into one of the predefined polyp categories. This transformer-enhanced 

MobileNetV2 architecture combines efficiency, robustness, and scalability, making it highly suitable for privacy-

preserving training in federated setups. The decision to integrate the transformer module was guided by empirical 

results and architectural constraints, ensuring that improvements in accuracy do not come at the cost of client-side 
deployability. 

 

                          (   √  ⁄ )   (2) 

 

                                                         
                                     
                               

                              ̂                                          
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Fig. 6. Detailed architecture of the Transformer-enhanced MobileNetV2, illustrating feature map flattening, positional encoding, multi-head self-

attention, feedforward layers, and dimensional flow across encoder blocks. 

 

Fig. 7. Working process of the transformer on flattened data. 

Table 2. Transformer module hyperparameter configuration. 

Parameter Value 

Number of encoder layers 2 

Embedding dimension 128 

Number of attention heads 4 

Feedforward hidden size 256 

Dropout rate 0.1 

Positional encoding Learnable 

Activation function ReLU 

Normalization Layer Normalization 
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4.7. Federated Learning Setup 

To ensure patient data privacy while enabling collaborative model training, we adopted a federated learning (FL) 

[35] strategy in which multiple simulated clients locally trained a shared model on their respective data subsets as 

shown in Fig. 8. This decentralized framework eliminates the need to transfer raw medical data to a central repository, 

thereby aligning with privacy regulations such as HIPAA and GDPR. 

 

      ∑
  

 

 
        (3) 

 

                                 
                         
                         ∑   

 
     

 

In our experimental setup, we simulated 15 clients, each representing an independent medical center with its own 

subset of polyp image data. The overall dataset was partitioned across these clients in a non-IID Label Skew manner to 
better mimic real-world scenarios where medical data can vary due to demographic, clinical, and device-based 

differences. For instance, some clients received more samples of specific polyp types, while others had varying image 

qualities and resolutions. The training process proceeded in multiple communication rounds, where each round involved 

the following steps: 

 

1. The central server sent the current global model parameters to all clients. 

2. Each client performed local training on its own dataset for a fixed number of epochs. 

3. The updated model parameters from all clients were sent back to the server. 

4. The server aggregated these updates to refine the global model using the Federated Averaging (FedAvg) 

algorithm. 

 

We used a batch size of 32, an initial learning rate of 0.001, and 100 communication rounds, with each client 
executing three local epochs every round, as shown in Table 3.  Because of its ease of use and efficiency in situations 

with moderate client heterogeneity, the FedAvg [36] algorithm was chosen. To simulate realistic inter-institutional data 

heterogeneity, a label-skew non-IID partitioning strategy was adopted. Specifically, data were distributed across clients 

using a Dirichlet distribution, where each client was assigned a dominant subset of polyp classes. The degree of  

 

 
Fig. 8. Architecture of integrating client with server using FL. 
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heterogeneity was controlled using the Dirichlet concentration parameter α, with lower values indicating higher data 

imbalance. In our experiments, α was set to 0.5, representing a moderate level of heterogeneity commonly observed 

across medical center, FedAvg was selected as the aggregation strategy in this study due to its efficiency and 

widespread adoption in medical federated learning. Investigating alternative aggregation methods such as FedProx and 

FedDyn under heterogeneous clinical data settings is an important direction for future work. This federated setup 

ensured that the Transformer-Enhanced MobileNetV2 model could be collaboratively trained while respecting data 

locality, thus offering a practical solution for privacy-preserving medical image analysis. 

Table 3. Experiment setup for communication between client and server. 

Parameter Value 

Number of Clients 15 

Data Distribution Non-IID (Label skew) 

FL Algorithm FedAvg 

Learning Rate 0.001 

Local Epochs per Round 5 

Batch Size 32 

Communication Rounds 100 

5. Result and Discussion 

For this work, we used a system whose configuration includes a GPU-enabled workstation (NVIDIA RTX 3080 or 

higher), 64GB RAM, Intel i9 CPU, running Python 3.10 with TensorFlow/PyTorch, and FL frameworks like Flower. 

Clients simulate federated nodes; server handles model aggregation and evaluation. The original Kvasir dataset 

comprises 4,000 images evenly distributed across eight gastrointestinal categories. To enhance data diversity while 

avoiding excessive synthetic bias, 2,000 additional samples were generated using conventional augmentation techniques, 

and 4,000 high-quality synthetic images were produced using the StyleGAN2 framework. As a result, the final dataset 

used for model training consists of 10,000 images, combining real, augmented, and synthetic samples, as summarized in 

Table 4. The complete dataset was then divided into training (64.5%, 6,450 images), testing (18.9%, 1,890 images), and 
validation (16.6%, 1,660 images) subsets, as illustrated in Fig. 9. This structured data composition and splitting strategy 

ensures robust learning, improved generalization, and reliable performance evaluation across all categories. Before 

presenting the experimental results, the complete set of training and optimization hyperparameters used in this study is 

summarized in Table 5, to ensure clarity and reproducibility. 

 

 

Fig. 9. Total images and splitting ration. 

Table 4. Performance of DL models using Voting technique. 

Dataset Stage Description Number of Images 

Original Dataset Kvasir dataset (8 classes × 500 images) 4,000 

Conventional Augmentation 
Rotation, flipping, cropping, zooming, 

brightness/contrast, noise 
2,000 

StyleGAN2 Synthetic Images GAN-generated realistic polyp images 4,000 

Final Dataset Used for 

Training 

Combined real, augmented, and 

synthetic images 
10,000 
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Table 5. Summary of training hyperparameters. 

Hyperparameter Value 

Optimizer Adam 

Learning rate 0.001 

LR Scheduler Cosine Annealing 

T_max 50 

eta_min 1.00E-06 

Batch size 32 

Weight decay 1.00E-04 

Momentum 0.9 

Early stopping Patience = 10 epochs 

Augmentation probability 0.5 per operation 

Voting weights (Section 4.5) Uniform (Wi = 1) 

FL local epochs 5 

 

Based on the performance results given in Table 6 and graphically shown in Fig. 10(a, b) for all models evaluated 

via the voting technique, MobileNetV2 was selected as the base architecture due to its proven efficiency and strong 

performance on edge devices. It utilizes depth wise separable convolutions and inverted residual connections to reduce 

computation while preserving accuracy. In this architecture, MobileNetV2 serves as the core feature extractor, 

processing the input colonoscopy image into a compact and informative feature map. To enhance model performance, a 

Transformer block was integrated into MobileNetV2, permitting global context and dependence on long-range 

relationships to be captured by the network. This hybrid architecture significantly improved results, achieving a Test 
Accuracy of 98.37% and lower loss than the original model. The integration demonstrates the effectiveness of 

combining MobileNetV2 efficiency with Transformer attention capabilities in medical image classification. The 

comparison of MobileNetV2 and integration of transformer with MobilenetV2 are given in Table 7. 

Table 6. Performance of DL models using Voting technique. 

Model 
Trainin

g Loss 

Training 

Accuracy 

(%) 

Validation 

Loss 

Validation 

Accuracy (%) 

Testing 

Loss 

Testing 

Accurac

y (%) 

MCC 

Score 

Epoch Time 

(min:sec) 

MobileNetV2 0.1423 93.39 0.3555 87.13 0.2198 91.86 0.907 03:16 

EfficientNet 0.1468 92.7 0.3682 86.92 0.2299 90.65 0.8932 04:20 

ResNet50 0.1683 91.24 0.3921 85.87 0.2435 89.72 0.8821 05:15 

ResNet152 0.1511 92.65 0.3728 86.75 0.2372 90.15 0.891 07:43 

VGG16 0.1589 91.89 0.389 85.92 0.2493 88.7 0.8703 05:40 

VGG19 0.1517 92.05 0.4101 83.25 0.2617 87.15 0.8511 04:22 

 

  
(a) (b) 

Fig. 10. (a) Graph of test, train, and validation accuracy; (b) Graph of test, train, and validation loss. 

Standard measures including precision, accuracy, and recall were used to evaluate the model's performance, 

alongside advanced evaluation criteria including MCC, IoU, and Dice loss. Focal and Jaccard losses were also 

employed to address class imbalance and improve segmentation reliability. 
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Table 7. Performance table of transformer integration with MobileNetV2. 

Model 
Test 

Loss 

Test 

Accuracy 

(%) 

Precision Sensitivity Specificity MCC 
Focal 

Loss 

Jaccard 

Loss 
IoU 

Dice 

Loss 

MobileNetV2 0.2198 91.86 0.905 0.912 0.918 0.907 0.1842 0.1628 0.851 0.179 

MobileNetV2 

+ 

Transformer 

0.0876 98.37 0.981 0.986 0.988 0.9764 0.0723 0.0584 0.943 0.062 
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To systematically evaluate the contribution of conventional data augmentation and StyleGAN2-based synthesis, a 

progressive ablation study was conducted using three training configurations. As summarized in Table 8, conventional 

augmentation improves performance over the original dataset, while the inclusion of StyleGAN2-generated synthetic 

images yields a substantial gain across all evaluation metrics, particularly in sensitivity and MCC, highlighting 

improved robustness and generalization. The confusion matrix given below Fig. 11, shows strong classification 

performance, with most classes achieving high correct predictions along the diagonal.  

Table 8. Ablation study on the effect of data augmentation and StyleGAN2-based synthesis. 

Training Data Configuration Number of Images Accuracy (%) F1-score Sensitivity MCC 

Original Kvasir dataset 4,000 95.74 0.941 0.948 0.912 

Original + Conventional Augmentation 6,000 96.82 0.953 0.961 0.931 

Original + Augmentation + StyleGAN2 (Proposed) 10,000 98.37 0.971 0.986 0.976 
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Fig. 11. Confusion Matrix of proposed model. 

To support efficient training in a federated learning environment where computational resources and bandwidth 

can vary across clients, we use our proposed model. This architecture balances computational efficiency with enhanced 

feature learning, making it ideal for decentralized medical image analysis tasks such as polyp detection. While standard 

evaluation metrics such as F1-score and accuracy are important for measuring predictive performance, Federated 

Learning (FL) systems must also be assessed in terms of communication efficiency, client-side cost, scalability, and 

robustness under data heterogeneity. These additional metrics offer deeper insight into the system’s feasibility in real-

world decentralized environments like hospitals or edge devices. Below, we report and analyze key FL-specific metrics 

obtained from our experiments using the MobileNetV2 + Transformer architecture in a federated setup. The 

convergence rate given in Table 9., indicates how many communication rounds (global epochs) were required for the 

global model to achieve stable, optimal accuracy. A faster convergence implies better communication efficiency and 
lower overall resource usage. We measured the total amount of data exchanged i.e., Communication Cost stored in 

Table 10, between clients and the server during training. This includes model weight uploads and global model 

downloads. Despite slightly higher model size due to the Transformer block, the communication overhead remained 

lightweight, making it suitable for edge deployment. The computational efficiency on client side stored in Table 11 was 

profiled in terms of training time per epoch per client and estimated memory consumption during local updates. The 

added Transformer block slightly increased memory usage and training time but stayed within practical limits for 

modern clinical edge hardware. We tracked the percentage of clients participating in each communication round 

(performance given in Table 12) in each communication round and measured how the model performed under partial 

participation scenarios. 

Table 9. Convergence Rate 

Model Accuracy (%) Convergence Rounds 

MobileNetV2 (FL) 91.86 38 

MobileNetV2 + Transformer (FL) 98.37 27 

Table 10. Communication Cost 

Model Total Upload (MB) Total Download (MB) Avg Per Round (MB) 

MobileNetV2 (FL) 12.6 13 0.65 

MobileNetV2 + Transformer 13.8 14.2 0.75 

Table 11. Client-Side Computation Cost 

Model Avg. Epoch Time (s) Peak RAM Usage (MB) Estimated Energy per Epoch (Wh) 

MobileNetV2 (FL) 2.4 720 0.018 

MobileNetV2 + Transformer 2.8 810 0.021 
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Table 12. Client Participation Rate Impact 

Participation Rate (%) Accuracy (%) 

100 98.37 

80 97.6 

60 97.1 

 

Our model showed robustness even under reduced client participation, making it resilient in practical non-

synchronous environments. To test the effect of data imbalance, we compared model performance under IID (random 

data split) and non-IID (realistic clinical-like skewed) distributions. Data Heterogeneity (IID vs. non-IID) impact shown 

in below Table 13. Under non-IID conditions, performance slightly declined and convergence was slower, but the 

model still maintained high accuracy and stable learning demonstrating good generalizability. To account for the 

stochastic nature of federated learning, all experiments were repeated five independent times using different random 

seeds affecting client sampling and local training initialization. Performance metrics are therefore reported in Table 14, 

as mean ± standard deviation. Furthermore, statistical significance tests were conducted to compare federated and 

centralized training results. A paired statistical significance analysis was performed between centralized and federated 

training results. A paired t-test (p < 0.05) confirmed that the performance improvements achieved by the proposed 
federated framework are statistically significant across all reported metrics. These results in Table 15, indicate that the 

proposed Transformer-enhanced MobileNetV2 framework maintains stable performance under varying degrees of data 

heterogeneity, demonstrating suitability for real-world federated medical imaging environments. After evaluating the 

proposed framework under various federated settings, we further compare its performance with recent state-of-the-art 

federated and centralized polyp detection methods, as summarized in Table 16, to highlight its relative advantages. 

Table 13. Data Distribution Impact. 

Data Split Type Accuracy (%) Convergence Rounds 

3 98.37 27 

5 97.9 29 

10 97.4 31 

15 96.8 33 

Table 14. Statistical performance comparison over multiple runs (mean ± std) 

Training Setting Accuracy (%) F1-score Dice 

Centralized 96.91 ± 0.42 0.958 ± 0.006 0.931 ± 0.008 

Federated 

(Proposed) 
98.37 ± 0.31 0.971 ± 0.004 0.943 ± 0.006 

Table 15. Impact of non-IID data heterogeneity on federated learning performance 

Dirichlet α Data Distribution Accuracy (%) Convergence Rounds 

∞ (IID) Uniform 98.37 27 

1 Mild non-IID 97.9 29 

0.5 Moderate non-IID 96.8 33 

Table 16. Comparative performance with state-of-the-art methods 

Method 
Learning 

Setting 
Dataset 

Accuracy 

(%) 
F1-score 

Communication 

Rounds 

Model 

Size 

FedADT [22] Federated 
MNIST / Fashion-

MNIST 
96.2 — 40 — 

GastroNet [7] Centralized Kvasir 96.1 0.958 — 14.8 MB 

NSPNet [14] Centralized CVC-ClinicDB 95.4 0.949 — — 

Fed-Polyp (Cao et al.) [35] Federated Kvasir-SEG 95.8 0.951 35 — 

Proposed Method Federated Kvasir 98.37 0.971 27 9.4 MB 

6. Conclusion and Future Research Directions 

In this work, we proposed a deep learning architecture for polyp detection utilizing federated learning, which is 

both effective and privacy-preserving.  We started by analyzing five cutting-edge CNN models, and the best-performing 

architecture in terms of performance and computational cost was found to be MobileNetV2. To improve its 

performance further, we added a lightweight Transformer module, which enhanced the ability of the model to learn 

global contextual features that were vital for precise polyp classification. The hybrid model proposed was used in a 

federated learning (FL) environment with the FedAvg algorithm while maintaining data privacy in multiple simulated 

clients. Comprehensive experiments showed that our model exhibited robust performance with minimal communication 

and computational overhead. In particular, the federated MobileNetV2 + Transformer model resulted in 98.37% 

accurate classification, F1-score of 0.971, and converged at 27-33 communication rounds. The size of the model 
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remained compactat around 9.4 MB, which is ideal to deploy on edge devices in real-world clinical settings. Unlike 

prior studies limited to small-scale federated simulations, this work evaluates federated learning scalability using up to 

15 heterogeneous clients, providing a more realistic validation of decentralized medical image analysis. Future 

directions will include extending the evaluation of the proposed federated framework to additional publicly available 

colorectal polyp benchmarks, such as CVC-ClinicDB and HyperKvasir, to further investigate cross-dataset 

generalization and robustness across diverse imaging conditions. In addition, adaptive federated learning strategies and 

enhanced privacy-preserving mechanisms, including differential privacy and secure aggregation, will be considered to 

further improve scalability, reliability, and compliance with healthcare data protection regulations. 
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