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Abstract: Delivering precise drug dosages, particularly in critical care, requires infusion pumps. Traditional systems, however,
have drawbacks like sluggish user interfaces, security flaws, little personalization, and privacy issues. This project uses a
federated deep learning framework to present an advanced infusion pump system. Autoencoders identify abnormalities in patient
or device behavior, improving safety and early fault detection, while LSTM networks process real-time physiological data to
dynamically modify infusion. By optimizing dosage through ongoing patient-specific feedback and learning, reinforcement
learning further enhances care. Federated learning allows decentralized training across several devices without transferring
sensitive patient data, addressing privacy concerns and guaranteeing compliance with FDA, GDPR, and HIPAA regulations.The
system can adjust to individual needs while preserving high security and data integrity thanks to the integration of these
technologies. The system, which is made for both home-care and hospital settings, guarantees user trust, scalability, and
dependability. In the end, it provides a solid basis for patient-centered, compliant, and intelligent infusion therapy that develops
in response to new clinical data.

Keywords: Infusion pumps, LSTM networks, federated learning, deep learning, reinforcement learning, anomaly detection,
privacy-preserving artificial intelligence, medical device security, patient-centered care, HIPAA, GDPR, FDA compliance, and
personalized medicine.

I. INTRODUCTION
In today's changing healthcare environment, there is a growing need for medical devices that are patient-focused, intelligent, and
adaptable. Among these, infusion pumps are crucial instruments for administering exact dosages of drugs and liquids, especially in
home-based therapies and critical care settings where precision can save lives.
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Figl: Infusion Pumps

Traditional infusion pumps, however, have significant drawbacks. They frequently have delayed user interface responsiveness,
which hinders prompt clinical intervention. Furthermore, the digitization of healthcare infrastructure makes these systems more
susceptible to data privacy issues and cybersecurity threats. With the help of cutting-edge machine learning, this project presents a
next-generation infusion pump. While autoencoders identify anomalous device behavior or patient responses, LSTM networks use
real-time physiological data analysis to dynamically modify infusion requirements. Federated Learning provides safe, decentralized
training without disclosing sensitive data, guaranteeing adherence to FDA, GDPR, and HIPAA regulations, while Reinforcement
Learning optimizes dosage based on individual results.When combined, these technologies provide a reliable, intelligent, and
customized infusion system that improves clinical safety.

Il. RELATED WORK
Meneghetti et al.[1] explored unsupervised anomaly detection for sensor-augmented insulin pumps. Their work focused on
identifying potential infusion-site failures by analyzing patterns in clinical data. This early warning system proved beneficial for
patient safety, though it relied heavily on real-time access to well-engineered input features.
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Howsmon et al.[2] applied real-time, model-based monitoring to detect faults in artificial pancreas systems. By observing glucose
trends, the system could alert users about possible pump malfunctions. However, it depended on accurate physiological models and
frequent calibration, which limited its practicality in dynamic environments. Jain et al.[3] proposed a hybrid machine learning
framework combining convolutional and recurrent neural networks to detect anomalies in patient vital signs. This system integrated
real-time data processing infrastructure. While effective, the complexity of its architecture posed challenges for large-scale
deployment. Chen and Brintrupet al.[4] developed a federated learning approach using a combination of convolutional and
bidirectional recurrent networks to analyze pump sensor data. Their system was capable of adapting to variability across different
data sources, although inconsistencies in data quality between locations remained a key concern. Gupta et al.[5] introduced a
hierarchical learning model that combined federated learning with digital twin technology. While it offered scalability and privacy,
it required careful management of grouping logic and model coordination. Yuan et al.[6] focused on a split neural network strategy
tailored for Internet of Things (IoT) healthcare devices. Their method reduced the on-device computation load by handling heavy
processing at the server end. While ideal for energy-efficient operation, its performance could be affected by unstable network
connections. Zhang et al.[7] presented a lightweight, federated anomaly detection model aimed at securing smart IoT devices.
Tested on embedded hardware, the system balanced performance and resource use effectively. Although it was originally designed
for broader 10T contexts, its applicability to smart infusion pump systems is clear. Raza et al.[8] proposed a privacy-preserving
anomaly detection framework combining variational autoencoders and transformers. Their system was built to identify irregularities
in physiological signals, such as those found in ECG data. Despite strong detection capabilities, the multilayered structure added to
the system’s complexity. Nguyen et al.[9] designed a self-learning framework for detecting anomalies in 10T environments using
local device profiling. Their decentralized approach allowed devices to adapt autonomously, with minimal external coordination.
While promising for intrusion detection in infusion pumps, it required reliable baseline behavior data for optimal results. Bhatti and
Choi et al.[10] developed a model that integrated autoencoders with federated weight clustering to improve healthcare Al across
hospital networks. Their system enabled better generalization across diverse datasets while maintaining patient data privacy.
However, defining meaningful clusters and ensuring consistency across facilities remained a challenge.

1. EXISTING METHODS
Anomaly Detection in Infusion Pumps Using CNN and Traditional Machine Learning
By identifying irregularities that might result in medication errors, this study seeks to increase the safety and dependability of
infusion pumps. Sensors are used by infusion pumps to track variables like pressure and flow rate; evaluating this data is essential to
spotting issues early. Convolutional Neural Networks (CNNs) are used by the researchers to automatically extract significant
features from the unprocessed sensorsignals.
Following feature extraction, the acquired features are then entered into conventional machine learning classifiers like Random
Forests and Support Vector Machines. These classifiers then differentiate between various anomalies and regular operation.This
hybrid approach combines the robustness and interpretability of traditional classifiers with CNN's capacity to learn features
automatically. A centralized dataset containing both good and bad pump conditions is used to train the model.
This method's ability to strike a balance between complexity and usefulness is one of its advantages. While maintaining dependable
performance, it circumvents the difficulties associated with putting more intricate models, such as LSTMs or reinforcement learning,
into practice. CNNs may not be able to detect gradual faults, though, because they may not be able to capture longer-term
dependencies or recurrent models. Since patient data must be shared with a central server, centralized training also presents data
privacy issues.

V. PROPOSED METHODOLOGY
Federated Deep Learning for Next-Generation Infusion Pump Systems:
In order to satisfy the growing need for intelligent, secure, and individualized healthcare delivery, this project presents a next-
generation infusion pump system. The system improves the accuracy, flexibility, and safety of drug infusion in clinical and home-
care settings by combining several state-of-the-art machine-learning-techniques. A Long Short-Term Memory (LSTM) network's
primary function is to predict patient needs and modify infusion rates in real time by processing continuous streams of physiological
data, including blood pressure, heart rate, and glucose levels.
More responsive care is made possible by this dynamic capability, which goes beyond static dosing protocols. Autoencoders are
used to identify abnormalities in patient responses or device performance in order to further increase safety.By learning the normal
operational patterns, the system can quickly flag deviations that may signal equipment failure or adverse events.
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Reinforcement Learning (RL) adds an adaptive intelligence layer by optimizing dosing strategies based on ongoing patient-specific
feedback. This approach allows the system to learn from experience, continuously improving its decisions over time.Importantly,
Federated Learning ensures that all model training occurs locally on distributed devices—eliminating the need to transmit raw
patient data. This architecture maintains full compliance with data privacy standards such as HIPAA, GDPR, and FDA guidelines
while still enabling global model improvements from diverse user populations.

The system can promptly identify deviations that might indicate equipment failure or unfavorable events by learning the typical
operating patterns. By optimizing dosing strategies based on continuous patient-specific feedback, Reinforcement Learning (RL)
adds an adaptive intelligence layer. Through experience-based learning, this method enables the system to make better decisions
over time. Crucially, Federated Learning eliminates the need to send raw patient data by guaranteeing that all model training takes
place locally on dispersed devices.

This architecture allows for global model improvements from a variety of user populations while maintaining complete compliance
with data privacy standards like HIPAA, GDPR, and FDA guidelines. These technologies work together to produce an infusion
system that is extremely responsive, scalable, and privacy-conscious.
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Fig2. Flowchart for Federated Deep Learning for Next-Generation Infusion Pump Systems

Pseudo code:

Algorithm 1 Federated Learning Workfow for Smart Infusion Pumps

1: Input: Real-time patient data (heart rate, BP, glucose), device data
2: Output: Adaptive and privacy-preserving infusion control

3: for cach device d; in hospital /home do

4 Collect physiological and sensor data

5 Train LSTM on local data to predict infusion needs
(if Use Autoencoder to detect anomalies

T: Apply RL to improve dosage control via feedback
8 Update local model weights W;

9: end for

10: Send encrypted weights W; to central ageregator

11: Aggregator computes global model W0 via Federated Averaging

12: Broadeast Wupq back to all devices

13: for each device do

14: Update local model using Wipa

15: Infusion controller uses LSTM + RL + anomaly alerts to adjust fow
16: end for

17: Ensure privacy compliance (HIPAA, GDPR, FDA)
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V. RESULTS
A. Dataset Overview:
The dataset replicates real-world infusion pump data, including recorded anomalies, medication details, and time-series patient
vitals and device signals. For federated learning, it is dispersed throughout simulated hospital and home-care environments,
protecting privacy while capturing a variety of situations. Training for anomaly detection, adaptive control, and customized dosing
is supported by the addition of synthetic noise and irregularities, which add complexity to the real world.

B. Model Performance:

Strong accuracy was attained by the model that combined LSTM, Autoencoder, Federated Learning, and Reinforcement Learning; it
increased from 60% to 93% during training and to approximately 89% during validation. While maintaining privacy, it successfully
identified abnormalities, recorded patient trends, and modified dosage. Loss gradually dropped with little overfitting, showing
dependable operation and flexibility in practical situations.

Model Performance: Federated Deep Learning for Infusion Pump Systems
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Fig4. ROC Curve

Plotting the true positive rate against the false positive rate across thresholds, the ROC curve shows how well the system can
identify anomalies in infusion data. In this project, the autoencoder and LSTM work together to find odd patterns in patient vitals.
Safer, real-time dosing decisions are ensured by a higher AUC value, which indicates improved accuracy in differentiating risks
from typical behavior.

C. Comparing Federated Deep Learning for Next-Generation Infusion Pump Systems with other Models:

Overfitting is evident in the CNN + ML model's respectable training accuracy (81.2%) but poor validation accuracy (74.5%). Both
metrics increase to 91.8% and 87.0%, respectively, with the introduction of LSTM, Autoencoder, and Federated Learning. This
combination improves the model's generalization and sequence learning capabilities.
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Performance is further improved to 89.1% validation accuracy and 93.0% training accuracy by adding Reinforcement Learning. All
things considered, models using sophisticated learning strategies perform noticeably better than the standard CNN + ML method.

D. Performance Evaluation:

Model Training Validation Training Validation
Accuracy (%) Accuracy (%) Loss Loss
CNN + ML 81.2 74.5 1.30 1.25
LSTM + Autoencoder + 91.8 87.0 0.72 0.78
FL
LSTM + Autoencoder + 93.0 89.1 0.55 0.63
FL+ RL
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Fig5. Comparison With Other Models

VI. CONCLUSION

This project uses a federated deep learning framework to present a sophisticated solution for next-generation infusion pumps. The

system efficiently learns from decentralized medical data while maintaining privacy by fusing LSTM, autoencoders, federated

learning, and reinforcement learning. The model is appropriate for real-time, vital healthcare applications due to its high accuracy

and strong generalization. Its capacity for constant learning and adaptation guarantees more intelligent and secure infusion

management. This strategy represents a major advancement in the development of morally and intelligent Al-powered medical

equipment.

REFERENCES

[1] V. Eghbal Akhlaghi, R. Zandehshahvar, and P. VVan Hentenryck, "PROPEL: Supervised and Reinforcement Learning for Large-Scale Supply Chain Planning,"
arXiv preprint arXiv:2504.07383, 2025.

[2] F. Rabby, "Supply Chain Optimization: Machine Learning Applications in Inventory Management for E-commerce," in 2024 7th International Conference on
Contemporary Computing and Informatics (IC3I), Greater Noida, India, 2024. DOI:10.1109/1C3161595.2024.10829302

[3] J.Feizabadi, "Machine learning demand forecasting and supply chain performance,"” International Journal of Logistics Research and Applications, vol. 25, no. 2,
pp. 119-142, 2022. DOI:10.1080/13675567.2020.1803246

[4] G. Yunxiang and W. Zhao, "Research on Supply Chain Optimization and Management Based on Deep Reinforcement Learning," Scalable Computing: Practice
and Experience, vol. 25, no. 6, 2024. DOI:10.12694/scpe.v25i6.3300

[5] Y. Yang and K. Wang, "Efficient Logistics Path Optimization and Scheduling Using Deep Reinforcement Learning and Convolutional Neural Networks,"
Informatica, vol. 47, no. 1, pp. 45-56, 2023.

[6] F. Stranieri and F. Stella, "Comparing Deep Reinforcement Learning Algorithms in Two-Echelon Supply Chains," arXiv preprint arXiv:2204.09603, 2022.

[71 tH. Miao and X. Huang, "Dynamic vehicle path planning using an enhanced simulated annealing approach for supply chains,” International Journal of
Enterprise Network Management, vol. 6, no. 2, pp. 197-218, 2012. DOI:10.1504/1JENM.2012.047620

[8] tB. Santosaand Il. G. N. A. Kresna, "Simulated Annealing to Solve Single Stage Capacitated Warehouse Location Problem," Procedia Manufacturing, vol. 4, pp.
62-70, 2015. DOI:10.1016/j.promfg.2015.11.015

[9] S. R. Palla, "Al-Powered Supply Chain Innovation: From Predictive Analytics to Warehouse Automation,” International Journal of Information Technology
and Management Information Systems (IJITMIS), vol. 16, no. 1, pp. 888-901, 2025. DOI:10.34218/IJITMIS_16_01_063

[10] J.J. Rao, K. K. Ravulapati, and T. K. Das, "Deep Reinforcement Learning toward Robust Multi-echelon Supply Chain Inventory Optimization," in 2022 IEEE
18th International Conference on Automation Science and Engineering (CASE), pp. 1234-1240, 2022. DOI:10.1109/CASE49997.2022.9926659

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 |

1733




d lIsRA

ef n\m
cross’ COPERNICUS

10.22214/1JRASET 45,98 IMPACT FACTOR: IMPACT FACTOR:
7.129 7.429

INTERNATIONAL JOURNAL
FOR RESEARCH

IN APPLIED SCIENCE & ENGINEERING TECHNOLOGY

Call : 08813907089 (V) (24*7 Support on Whatsapp)




