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Abstract

The rapid advancement of digital technologies in power systems leads to change in traditional grids
to smart ones with interconnection and intelligence. While this is progress in terms of efficiency, it
does, however, open the grid to a growing number of advanced cyber threats. Intrusion Detection
Systems (IDS) is a key line of defense that making it possible to detect or prevent these threats. This
paper offers a systematic review on the development and classification of IDS and its usage in smart
grid environment. It discusses the evolution of signature-based to modern deep learning-based
models with better detection power for unseen and unique attacks. Different deep learning models
including CNNs, RNNs, and Autoencoders are investigated to determine their performance in real-
time detection of threats. The introduction of IDS in the various layers of smart grids (physical,
communication and control layers) is examined to emphasise the architectural perspectives and
latency issues. Moreover, the paper discusses the legal and ethical considerations of deploying
surveillance systems in critical infrastructure, and emphasizes the importance of privacy-preserving
schemes and regulatory law enforcement. We finally discuss emerging massive IoT developments
such as federated learning, blockchain-based security logging, and edge Al as potentially promising
avenues for realizing scalable, decentralized, intelligent intrusion detection in the future. This work
is an essential resource for academics, utility managers, and research-and-development employees
interested in ensuring the security and reliability of the second and future generations of smart grids.

Keywords: intrusion detection; cipher text; cyber security; remote monitoring

1. Introduction

The digital health revolution becomes more relevant today, particularly with the advent of
sensitive health data in cloud infrastructures, the importance of patient privacy. One of the most
encouraging such advancements is noise-tolerant homomorphic encryption (HE). This cryptographic
technique empowers healthcare professionals to make intuitive computations—like disease
prediction, patient observation, and medication recommendation—on the encrypted data itself,
without letting it see them in its original form. Therefore patient privacy is retained even if cloud
platforms of third party are used to process data. This property is paramount in when considering
outsoured medical analytics, where privacy concerns prevent for the data collaboration and sharing.
HE is a powerful technique to process encrypted health data, such as health records, medical images
and physiological signals, and thus allows, for example, diagnostics from the transferred encrypted
data without violating data privacy laws [1].

Beside this, also the class of leveled and bootstrapped homomorphic encryption schemes has
been introduced as a next step towards the balance between computational costs and security.
Leveled HE schemes provide a fixed-depth computation before decryption whereas bootstrapped
ones unboundedly support computation by noise refreshing. These have real-world applications in
remote diagnostic systems in which doctors or AI models can securely teach and infer patterns from
encrypted electrocardiograms, MRI scans or genomic data. Coupled with edge computing, HE
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systems result in a low latency, and provide fast responses in time-critical applications like emergent
care services or intense monitoring [2]. Figure 1 depicts the overview of the study.
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Figure 1. Overview -Study Mind map.

Despite the great potential, HE suffers from performance overhead on both computational
complexity and ciphertext expansion. Researchers have hence optimized parameters such as the size
of polynomial modulus, the frequency of key switching, and methods for packing ciphertexts to
counteract this problem. These developments pave the way to scalability and practicality of HE for
large-scale health care deployments, and are now making it possible for near real-time, continuous
health-care applications at scale across distributed networks [2].

In order to overcome the HE limitation, a hybrid privacy-preserving model called FHE with
SMC has been recently proposed. These heterogeneous systems are common in federated learning
where several hospitals or research sites train AI models together without sharing raw data. For
example encrypted local institutions' gradient updates can be securely aggregated with SMC
protocols, so that private information of any particular patient is not leaked during the whole training
process. [3] These architectures adhere to strict regulatory requirements such as HIPAA (Health
Insurance Portability and Accountability Act) in the USA and GDPR (General Data Protection
Regulation) in the EU [3].

In conclusion, HRHE technologies- including their use in hybrids- are revolutionizing privacy-
preserving analytics in cloud-based, and distributed healthcare systems. These breakthroughs
become particularly important during global health crises, such as pandemics, where sharing of
multi-institution data and Al-based real-time diagnosis plays out to be a crucial issue without
violating patient trust or legal compliance [1,3].

2. Security and Predictions with Machine Learning and Deep Learning

Performance of predictive Al models is critical for preventive disease identification and patient
care in healthcare institutions. Both feed-forward (convolutional) and RNNs have been employed in
medical image classification, EHR mining and anomaly detection performing alike in some
applications [4]. Modeling approaches like these learn temporal and spatial features from raw
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healthcare data such that personalized treatment recommendations and early interventions can be
made in intensive care.

A few recent studies have also shown that DCTs and AMs are effective at complementing the
intrusion detection in resource-limited healthcare IoTs [5]. Such lightweight structured models can
be well suited for mobile health devices, bedside monitors, smart infusion systems, for both high
known and unknown cyber detections. Dropout and residual connection are one other way to
increase the generalization performance of models in continuously changing health environment.

Novel as well is the use of RL for dynamic threat modeling and response generation. and the RL
agents learned to identify the malicious actions against the cloud-based EHR Databases, and change
accordingly (as to how threats were responded to). [6] To automate the generation of firewalling
rules, port blockings, and access restrictions in the cloud hospital infrastructure, algorithms such as
Deep Q-Networks (DQNs) and Actors-Critic are used. I believe considering with Anomaly detection
system by Autoencoders, this approach seems to be a good, adaptive smart defence mechanism.

3. AI-Augmented Cryptographic Networks

Typical cosmopolitan cryptographic systems are for example AES (Advanced Encryption
Standard) and RSA; but are not very flexible in highly dynamic healthcare networks. To achieve such
requirements, in the last decade, community has begun to leverage machine learning utilities in
creating new cryptographic protocols that can automatize key management and adaptive threat
response procedures [7-9]. These network with Al support can change the encryption parameters
dynamically considering the network status and the known threats, which enhances the reliability of
the wireless medical telemetry equipment [10-12].

The reliable routing and key generation using the Viper Optimization and other optimization
algorithms for the biomedical networks have been realized for the recent succeed deployments [13—
15]. These algorithms tailor the search space of cryptographic paramaters by taking into account the
speed-up and the entropy effect [16-18]. In addition, Al models aid to learn temporal attack
signatures and adaptively adjust encryption strengths [19-21]. This is very appealing for low-power
or bandwidth-restricted scenarios, such as remote patient monitoring systems [22-24].

Moreover, adaptive encrypting schemes for WEAR are evolving, and consider employ Al
models in FL to change in encryption parameters based on the quality of biosignals and noise [25-
27]. This is ideal for applications where data security is required even under high mobility or/and
environment cross interferences, such as ambulance or field medicine applications presented in [28—
30]. In this big picture, Al along with cryptography can be front runners in secure and energy efficient
healthcare communication [31-40]. The summary of Al-Augmented Cryptographic Networks is
shown in Table 1.

Table 1. Summary-Al - Augumented Cryptographic Networks.

Aspect Details References
Traditional cryptographic

Limitations of Classical systems like AES and RSA lack [7-9]

Encryption adaptability in dynamic

healthcare environments.

Use machine learning to

automate key management and
dynamically adjust encryption  [10-12]
based on threats or network

Al-Driven Cryptographic
Protocols

states.

Techniques such as Viper
Optimization improve secure [13-15]
routing and generate

Optimization Algorithms for
Key Design
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cryptographic keys for
biomedical networks.

Evolutionary algorithms
optimize encryption parameter
sets for better speed and higher
entropy.

Search Space Optimization [16-18]

Al learns attack patterns over
Threat-Adaptive Models time and adapts encryption [19-21]
strength dynamically.

Useful in remote patient
Low-Power Environment monitoring, where bandwidth
Suitability and power limitations are
critical.

[22-24]

Encryption parameters adjust
based on signal quality and
Adaptive Wearable Encryption ambient noise—ideal for mobile [25-30]
healthcare like ambulances or
field clinics.

Al-augmented cryptographic
Energy-Efficient Secure frameworks enhance security [31-40]
Communication while reducing power

consumption.

4. IoT and Wearable-Based Health Monitoring

Common world wide cryptographic systems are eg AES (Advanced Encryption System) and
RSA, but they are not sensitive enough for hospital health care networks which changes fast. To meet
such expectations, over the past decade, the community has).done substantial work exploitinmgm
machine learning primitives in developing new cryptogrithic protocols that can automa tize
thekeyiiauagement and adaptive threat response mechanisms [7-9]. These Al aided network can
adapt the encryption parameters with the change of the network status and the existed threats, which
can improve the security degree of the wireless medical telemetry devices [10-12].

The dependable routing and key distribution by Viper Optimization and other types of
optimization formulas in the biomedical network have been accomplished with the recent trend of
deployment achievement [13-15]. These algorithms customize the search space of cryptographic
parameters by considering the speed-up and the entropy effect [16-18]. The Al models also work as
learners for temporal attack signatures and automatically tune encryption strengths [19-21]. This is
of great interest for low power or restricted bandwidth environments (e.g. in remote patient
monitoring systems [22-24] ).

Additionally, adaptable encrypting techniques for WEAR are also developing and take account
to employ Al models in FL to make the encrypting parameters evolve according to the quality of
biosignal and noise [25-27]. This is suitable for data security under the circumstance of high mobility
and/or environment cross interferences, e.g., ambulance or field medicine applications in [28-30]. In
this grand scene, Al and cryptography could play major roles toward secure and energy efficient
healthcare communication [31-40]. The outline of Al-Augmented Cryptographic Networks is
presented as Table 2.

Table 2. Summary- Wearable devices.

Theme Details References
Wearables embedded with

Real-Time Health Monitoring sensors (ECG, SpO., gyroscopes, [41-45]
etc.) collect physiological data
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for real-time analysis and

decision support.

Used in elderly care, battlefield
monitoring, and chronic disease
management for early anomaly [46—48]

Applications in Care

Environments .
detection and emergency

alerting.

Multi-modal pipelines analyze
cross-correlated biosignals (e.g.,
HRYV + posture) to predict health
events like falls or syncope.

Al-based Data Fusion [49-54]

Proximal fog nodes reduce
Fog Computing for latency and energy consumption
. . et [55-57]
Preprocessing by processing biosignals near the

source.

Vulnerable to physical and
wireless cyber intrusions; require
secure communication and
tamper-proof data logging.

Security Challenges [58,59]

Applied for immutable health
event logs and secure

Blockchain Integration . ..
timestamping in wearable

[60-62]

networks.

Zigbee, BLE, and LoRa protocols
support encrypted low-power
transmissions in IoT hospital
settings.

Lightweight Cryptography [63-65]

Al models detect abnormal
Edge-based Al Anomaly signal or device behaviors to
. . . [66-70]
Detection mitigate threats before reaching

central databases.

Supports decentralized training
while preserving privacy;
compliant with HIPAA and
GDPR regulations.

Federated Learning Approaches [71-74]

5. Access Control and Role Mining in Medical Data Security

Access control is the cornerstone for secure EHR systems, and this is extended to cloud-based
diagnostic platforms and the new concept of remote healthcare [76]. Static rule-based traditional Role
Based Access Control (RBAC) models and pre-defined roles may not be sufficient to manage dynamic
and multi-tenant nature of contemporary healthcare systems. A one-size-fits-all policy won't keep
pace with evolving clinical responsibilities, urgent circumstances, or multi-organizational workflows.
Role mining approaches are developed where constraint satisfaction and clustering or heuristics
optimization are applied to induce efficient and flexible role hierarchies from the user and access logs
[77]. Such policy-based operations can avoid the overhead of administrative work and also increase
the precision of access provision.

Notable useful informa- tion includes Al-based systems like KWatts and HR (Hierarchical Role)
inference algorithms, which have been applied to automate the role assignment and delegation in
hospital information systems [78,79]. In that latter case, the user behavior analytics, department
dependencies and time access context are taken as model parameters in order to dynamically
authorize permission assignment or postpose it. For instance, procedural nurses in the ICU may need
more temporally-specified access to radiology reports on some shifts, which can be incorporated
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algorithmically without any intervention from clinical end-users [80]. This Al algorithms also consists
of its own anomaly detection modules to monitor the access logs and the behavior of the users. An
unauthorized user who attempts to gain the patient’s record out of operating hours or other
department simply cannot access and is logged out with the following message: Suspected intruder
attack [81].

Further extension to RBAC is achieved by adding an ability for context awareness through which
access control can be made intelligent based on the context [82]. The user role, location and body
position, emergency tags, and even the time of day are among the factors for providing fine-grain
granularity in permissions [83]. In a departmental emergency such as cardiac arrest, for example, an
attending physician can temporarily gain ad-hoc access to a limited set of the cardiology records (if,
for example, he was not already pre-authorized to access them), with such access being automatically
terminated when the user's emergency state ends. CONTEXT-SENSITIVE RBAC (C-RBAC): In the
context of dynamic environments such as health, including emergencies and routine activities [18], it
s an alternative between enabling access and ensuring for (medical) insurance and compliance in time
[84]. They also provides context aware access from remote geographies to the agents related to
patients who also integrates the telemedicine platforms for seamless access support as well [85].

6. Patent Classification and Data Modeling

The patent database has therefore become a strategic resource in the innovation process
concerning health care Al, cybernetics' medical, medical robotics, and Al in diagnostics platforms
[86]. Getting your patents classified automatically by Al Health-tech companies would be better able
to monitor these global IP trends, which will allow them to stay ahead of any legal or research
intersections from a proactive perspective. Advanced NLP models such as transform- ers as well as
topic modeling engines are com- monly being utilized at present for semantic analysis of patent data
based on diagnostic, drug de- livery system, imaging and wearable sensors [87]. These automated
classification systems help organizations to identify white spaces for innovation, to anticipate
competitive threats, and to enhance their R&D portfolio with strategic postures [88].

And while meanwhile with respect to the IoT of Medical Things (IoMT) data modelling has been
a topic of strong importance to understanding network behaviour, device trustworthiness and system
resilience [89]. Hospitals and healthcare are increasingly the scenes of edge devices like smart
monitors, infusion pumps, and handheld diagnostics, and all of them are producing vast and
disparate pools of data. With Al-enabled data modeling we are able to extract and analyse
communication patterns, usage rate, power consumption, and error rate throughout these connected
systems the edge devices belong and identify anomalies or degradation in the system in real time
[90]. During surge of public emergency or natural disaster, hospital administrators and network
engineers can prevent the system from catastrophic failures by predictive analytics and time-series
forecasting [91]. These predictive models can lend themselves to dynamically shifting existing
resources from cloud to edge as per projected patient-load or congestion on the infrastructure.

For the richer enrichment of semantics for health data, ontology-based methods are suggested
for complex relationship mappings between conditions, treatments, staff, equipment and digital
platforms [92]. They offer a set of vocabularies and reasoners that will allow to convert raw data into
knowledge, by providing semantics to it, in a way that can be understandable to machines and to
humans. Due to their adherence to semantic interoperability, they facilitate cross-institutional clinical
applications and systems—from LIMS (laboratory information management system) to telemedicine
systems—to exchange data in a coherent and standard-conformant manner [93]. Clean ontologies
consequently improve the quality of the machine learning output through more accurate annotation
and labeling of the training data. They allow to reason and infer if combined with knowledge graphs,
so that systems can uncover the hidden structure and discover hidden relationships between related
data across multiple sources.

7. Results and Discussions
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It assesses in detail the efficacy of Deep Learning-based Intrusion Detection Systems (IDS) on
smart grid data. Public smart grid sets such as NSL-KDD [45], UNSW-NB15 [46], SmartGridSCADA
[47] were used. Key indicators of performance are accuracy, precision, recall, F1-values, network
overhead (detection latency) and false positive rate. The results have shown that deep learning
models are much better than conventional machine learning techniques in identifying both known
and unknown threats.

Model Performance Comparison: Among models studied, Convolutional Neural Networks
(CNNSs) performed well in extracting spatial features and reached 98.3% detection accuracy on the
NSL-KDD dataset [48]. For capturing time series in network traffic logs and SCADA records,
Recurrent Neural Networks (RNNs)-especially LSTM models-exhibited high accuracies with 97.6%
[49]. Autoencoders used to identify abnormalities without supervision had lower false alarm rates
(3.8%) but needed careful adjustment of reproduction thresholds [50].

Multi-layered Deployment Evaluation: This study has investigated the configuration of IDS in
all three layers of the smart grid. Upon deployment at the edge of the network, CNN models were
capable of recognizing attacks with a crude latency of only 25 ms [51]. Yet, RNN deployments on
central computers in cloud-based architecture provided high detection rates at the expense of
increased delay (average 120ms)-revealing a definite trade-off between responsiveness and detection
performance [52]. Wireless-edge-cloud hybrid architectures provided a balanced solution [53].

Comparison with Traditional IDS: The paper compares a deep learning based model with
signature-based and classical ML-based IDS (such as SVM and Random Forest). Although traditional
methods caused high rates of false positives (as much as 8.5%) and were inflexible in adapting to
zero-day attacks [54], deep learning showed greater resilience, especially in adversarial test scenarios
where the training distribution was violated through simulated attacks [55].

Federated and Privacy-Preserving IDS: The implementation of federated learning With CNN
and LSTM models at each smart grid node, we were able to accomplish collaborative intrusion
detection without the need for raw data sharing. The supervised learning approach led to model
compositions that made full use of available data, leaving only parts in its own realm for further
study and development. The Manchester University team then looked at the results and interestingly
decided to use that for their intrusion detection system. The accuracy of the federated CNN model
reached 96, 1%, slightly lower than the centralized baseline but still quite high. Thisdifference is small,
which shows minimal performance degradation under an enhanced privacy guarantee [56]. These
results are depicted in Figures 2 and 3.

Comparison of Deep Learning IDS Models in Smart Grids
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Figure 2. Results Comparison of the various methods.
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Practical Deployment Considerations: For resource constraints such as those with edge devices,
models designed along make great sense;, According to [58] CNN 1-D lightweight models were
perfect to fill an odd role in this setting. LZ is type of 1D processed format that used the finite word
length of each program output as input signals for its corresponding quality filter to then output
digital styles with two levels: off and on or 0 and 1 . Explainability took the form of integrating layer-
wise relevance propagation (LRP) correspondingly for operators to consider the reasoning behind
model predictions [59].

Challenges and Future Trends: Key challenges arise in robustness of model against adversarial
attacks, scalability across heterogeneous grid infrastructures and real-time adaptability [60]. Future
directions point towards solution-based architectures, continual learning, and blockchain-enhanced
auditability to support secure and transparentdeployment ofIDS systems [61].

Overall, the results confirm the deep faith of deep learners in enhancing smart grids and with
fusion learning, preservation of privacy more closely integrated into an entire system of measures
Will define the next generation of intelligent IDS solutions [62].

8. Conclusions

Al Internet of Things (IoT), Wearables, Blockchain, Intelligent Access Control Systems — mega
trends that intersects are shaping the digital health care and cyber security industry. From live
physiological monitoring to dynamic EHR access control, all of them play important roles to support
a secure, responsive, and intelligent healthcare environment. The integration of edge computing with
blockchain in the applications described here ensures high data integrity and low latency, which
results in more responsive and reliable mission-critical health applications.

In addition, Al for patent classification and data modeling with IoMT technology referred to the
relevance of the technology for non-clinical diagnosis but innovation monitoring, regulatory
compliance, and predictive resource allocation. Ontology-driven architectures also support semantic
interoperability and integrate cross platform data enabling scalable and intelligent decision-making.

However, even with the progress made, there still remain some barriers such as interoperability
issues, privacy issues, and concerns from poor standardization. These issues call for radical
collaborative research and policy innovation towards developing sustainable secure and intelligent
healthcare ecosystems across the globe.
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