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Abstract: Federated learning enables distributed training without exchanging original images, but non-IID data and class
imbalance can degrade model performance. In this study, FedMobileNet is presented as a decentralized machine learning
system based on MobileNetV2 for multiclass classification. The training instances were spread among four simulated
clients using a Dirichlet-based non-I1ID partitioning method (with o = 1.0) so that each client had at least five samples per
class. The model used a multiclass focal loss with class weights set to a = [2.0, 1.0, 1.0, 1.0] and y = 2.0; minority
oversampling was not applied. The model that achieved the highest validation AUC at the checkpoint was selected and
then evaluated once on the separate test dataset. In the test evaluation described here, FedMobileNet reached an accuracy
of 89.4% and a macro-AUC of 0.97; the class-wise F1-scores were 0.81 for adenocarcinoma, 0.77 for large cell carcinoma,
0.97 for normal tissue, and 0.83 for squamous cell carcinoma. These results correspond directly to findings from a specific
simulated federated configuration. They should not be interpreted as proof of clinical effectiveness or as evidence that the
method is ready for deployment. The study uses a single public CT dataset, a single fixed random seed, and a specific client
partition. It did not include analysis with repeated seeds and different partitions, external clinical validation, or direct
measurements of memory, energy, communication cost, and inference latency. For this reason, the framework is
described as resource-conscious rather than having been experimentally validated as resource-efficient for clinical or edge
deployment.

Keywords: Federated Learning, Medical Image Classification, Class Imbalance, MobileNetV2, Lung CT Imaging.

I. INTRODUCTION

It is common in medical imaging to store data in a central repository to develop imaging models [1]. When sharing is not
possible, medical images can be exchanged directly between different institutions as an alternative. In this approach, the
shared model is optimized locally by the various clients, and only the model updates are sent to the central server for
aggregation. Even though the first medical images remain at each institution, data confidentiality and information security
are maintained. Risks may still arise because model updates are sent to the server [2]-[4]. The total count of images, the
methods used to obtain them, and the disease ratios within medical image datasets can differ; the datasets may be non-1ID
or imbalanced, and when both occur simultaneously, the overall accuracy becomes difficult to interpret [3], [5]-[7]. Lung
cancer remains a critical global health concern worldwide. Even though CT scans can be useful for evaluation once
properly validated, automated classification remains difficult because the categories can vary widely and the scanned images
do not consistently reflect the patient's true condition.

IRICS: ©2014-26, AM Publications, India - All Rights Reserved https://doi.org/10.26562/irjcs Page-652



;ii P g :\‘2 IRJCS: International Research Journal of Computer Science ISSN: 2393-9842
Unes e  Volume 13, Issue 10, October 2026 https://www.irjcs.com/archives
IRJCS https://doi.org/10.26562/irjcs.2026.v1310.01

Given limited computing resources, compact models such as MobileNetV2 [8], [9], which have also been used in other
image-classification and recognition systems [10], [11], are a reasonable option, and focal loss can make training more
effective [12]. This problem affects people worldwide and can be evaluated using CT scans, provided the method is
thoroughly evaluated [13]. Yet automated classification remains challenging because it must distinguish among categories,
even when medical images may not fully reflect the patient's clinical condition.

Research has previously examined lung nodule detection, cancer subtype classification, attention-based models, and the
application of federated learning to medical imaging [14]-[19]. Other work has examined class imbalance in the context of
federated learning [3], [6] and in lung CT classification [20], as well as the resource constraints of edge and loT devices
[21]. While studies back these findings with a general approach, they cannot guarantee reliable performance across several
institutions and devices [22]. In the present study, FedMobileNet is assessed using a consistent experimental setup when
classifying CT images into four categories. The system builds upon an Image Net-pretrained MobileNetV2 backbone. It
uses multiclass focal loss, a Dirichlet-based method for distributing non-1ID data among four simulated clients, sample-
weighted FedAvg aggregation, and checkpoint selection based on validation AUC.

This work presents a detailed account of the proposed procedure and assesses its forecasting performance on an
independent test dataset. It is not asserted that federated learning provides complete privacy, that the model is suitable for
clinical deployment, or that it lowers computational or communication costs. The evaluation was conducted solely on the
selected dataset, which comprised 613 training images, 72 validation images, and 315 test images. Only the training data
were distributed to the client nodes. The experiment used a single random seed (42) and a single client-data split obtained
from a Dirichlet distribution. The test results cited here pertain only to this particular dataset split and arrangement of
clients.
Il. METHODS

A. Dataset and Data Partitioning

The research used the Lung Cancer CT Scan Dataset [23], which included 613 images for training, 72 for validation, and
315 for testing. The four categories were ordered by the source directories: adenocarcinoma, large cell carcinoma, normal
tissue, and squamous cell carcinoma. Among the training examples, only the ones were distributed to the four simulated
clients. The validation and test sets were kept separate from the client shards and employed exclusively for model
selection and final evaluation, respectively. The training images were resized to 192 by 192 pixels [24] and then scaled to
the [0, 1] range. The client shards were generated using a Dirichlet-based non-lID allocation with a concentration
parameter o = 1.0, making sure that each client received at least 5 examples from each class. A fixed random seed of 42
was employed. Each of the original set of training images was assigned to exactly one client, with no duplicate file paths or
oversampling of the less frequent classes. This controlled simulation does not do justice to the varied nature of data
ownership but does not capture the full range of variability seen across independent hospitals.

B. Model Architecture

The feature extractor used a MobileNetV2, pretrained on ImageNet, with a width multiplier of 0.75 and an input size of
192 x 192 x 3 [25]. In its implementation, the standard inverted residual blocks and linear bottlenecks were kept, and no
custom Squeeze-and-Excitation module or different activation function was added. Once global pooling is done, there was
a classification head consisting of a dropout layer (0.25), a ReLU-activated dense layer with 256 units, another dropout
layer (0.20), and finally a four-unit softmax output layer. Fig. 1 shows a schematic overview of the implemented pipeline,
rather than a measured system diagram.

4 simulated Validation

Training set clients MobileNetV2 FedAvg piots
613 CT images | ™| Dirichlet |™| Focalloss || 142rounds |™ selection —
a=1.0 held-out test

Fig.1 FedMobileNet training and evaluation pipeline

C. Imbalance-Aware Loss

The o vector was the only class-weighting mechanism. No separate multiplier or oversampling step was applied. The
experiment did not include an ablation study; therefore, the independent contribution of class weighting, focal modulation,
or alternative imbalance strategies cannot be estimated from these results.

D. Federated Model Training and Selection

The model learned over 142 federated rounds across four simulated clients. In each round, clients performed local
optimization on their respective shards, after which the server aggregated model parameters by sample-count-weighted
FedAvg. The pretrained backbone was initially frozen. At round 31, the last ten MobileNetV2 layers were unfrozen for
fine-tuning at a lower learning rate. Validation metrics were assessed periodically, and the checkpoint with the highest
validation AUC was retained. The selected checkpoint was evaluated once on the held-out test set. The final evaluation
generated accuracy, a classification report, a confusion matrix, and ROC/AUC summaries. We used a validation set for
checkpoint selection rather than for final performance reporting. No repeated test evaluations or independent external
test cohorts were reported.
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E. Evaluation Scope

The study delivers an account of the predictive performance for the specified dataset and the simulated data partition. It
did not include measurements of device memory usage, energy consumption, inference latency, training time,
communication volume, or bandwidth. Even though MobileNetV2 is fairly compact, architectural efficiency alone is not
sufficient to replace profiling the entire training and inference pipeline on the target hardware. Similarly, keeping images on
local devices means there is no direct image transfer, but this does not constitute a proper privacy-preserving mechanism.

I1l. RESULTS

A. Held-Out Test Performance

The checkpoint that provided the best validation AUC, as shown in Fig. 2, achieved an accuracy of 89.4% and a macro
AUC of 0.97 on the 315-image test set; the ROC analysis reported a micro-AUC of 0.96. The class-specific F1-scores
were 0.81 for adenocarcinoma, 0.77 for large cell carcinoma, 0.97 for normal tissue, and 0.83 for squamous cell carcinoma.
These figures show an uneven performance at the class level, normal tissue having the highest F1 score and large cell
carcinoma the lowest. The test set consisted of 51 cases of adenocarcinoma, 54 of large cell carcinoma, 120 of normal
tissue, and 90 of squamous cell carcinoma. Since the test set was assessed only once and no confidence intervals or
repeated partitions were given, the point estimates do not provide a measure of either sampling or partition uncertainty.
While the macro-AUC gives an overview of the ability to discriminate between the different classes, it should not be taken
as evidence of calibration or clinical usefulness.
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Fig.2 ROC curve.

B. Baseline Comparison

Table | gives the centralized baseline values for MobileNetV2 [9] and ResNet50 [26]. These values have not been retrained
or recalculated independently in the present experimental run. Consequently, the comparison is merely descriptive and
cannot be regarded as a controlled head-to-head benchmark. It is possible that differences in the data split, preprocessing,
training budget, and selection procedures could affect the comparisons unless the baselines are rerun using the same
protocol.

Table I - Baseline Model Comparison

Model Accuracy AUC (Macro) F1 (Class 0) Parameters
FedMobileNet 89% 97% 0.82 32 M
Centralized MobileNetV2 86.2% 87% 0.71 32M
Centralized ResNet50 87.8% 89.1% 0.76 256 M

C. Training Configuration Summary
Table Il summarizes the experimental configuration used in this study.
Table Il - Experimental Configuration

Dataset split 613 train / 72 validation / 315 test images
Clients 4 simulated clients; Dirichlet a = 1.0; minimum 5 per class/client
Input and backbone 192 x 192 x 3; Image Net-pretrained MobileNetV2, width multiplier 0.75
Loss Multiclass focal loss; o = [2.0, 1.0, 1.0, 1.0], y = 2.0
Federated optimization Sample-count-weighted FedAvg; 142 rounds
Fine-tuning Initially frozen backbone; last 10 layers unfrozen at round 31
Selection and test Highest validation-AUC checkpoint; one held-out test evaluation
Reproducibility Fixed seed 42; one predefined client partition
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IV. DISCUSSION

The experiment demonstrates that a MobileNetV2-based model can learn in a simulated federated environment and
achieves strong results on the designated test subset. Yet the findings support only this particular conclusion. The four
clients correspond to simulated portions of one single public dataset and are not based on independently gathered
datasets from different institutions. The experiment examines only the controlled differences across the client datasets
and doesn’t consider institutional differences in image acquisition, annotation procedures, or disease prevalence. Even if a
model performs reliably in most cases, it may still perform badly on some less frequent classes [27]. Although it
consistently achieves high accuracy, it still performs poorly compared with normal tissue for large-cell carcinoma.
Although the method was meant to reduce class imbalance, its individual components were not evaluated separately.
Further experiments are needed to determine which technique actually improves the model's performance. The class-
specific results and the general figures (89.4% accuracy, 0.97 macro-AUC) are highly dependent on the test split and model
checkpoint used, so changes to the test samples or the data distribution could affect them. Although the four classes have
different numbers of test images (ranging from 51 to 120), the class-level outcomes have to account for these sample sizes,
as metrics based on smaller test sets are less reliable. Future research ought to measure resource usage and compare the
model with both centralized and federated models when using the same hardware. Federated learning reduces the need to
transfer raw images but does not essentially prevent inference from model updates or defend against malicious participants
[1], [3]. This study did not evaluate differential privacy, private aggregation, or poisoning defences. Its privacy contribution
should therefore be described narrowly as data locality within the simulated training design, not as a formal privacy
guarantee. Similarly, because the study did not include clinical users or prospective data, no diagnostic or treatment
decision should be inferred from the reported classification metrics.

A. Limitations

The study has several important limitations: first, it uses a single public dataset with a single fixed train/validation/test split;
second, it employs one random seed and one client partition; third, the clients are simulated rather than actual
institutional clients; fourth, there is no component ablation nor any repeated-run uncertainty analysis; fifth, the baseline
values are taken from earlier reporting in the manuscript rather than being rerun; sixth, there is no external clinical
validation; and seventh, there is no direct privacy, security, or resource profiling.

B. Future Work

Use diverse data splits and metrics, compare established baselines, and evaluate each component’s contribution.

V. CONCLUSION
The study introduced FedMobileNet, a classifier based on MobileNetV2 for analyzing four-class CT images, which was
trained using sample-count-weighted federated averaging combined with focal loss in a simulated four-client non-1ID
environment. On the test set, the model achieved 89.4% accuracy and a macro-AUC of 0.97. Its F1-scores ranged from
0.77 to 0.97 across classes. These results apply only to this experiment and do not prove that the model is resource-
efficient, clinically effective, privacy-protected, or ready for deployment.
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