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Abstract:
In contemporary warfare, the integration of Artificial Intelligence and autonomous systems has created a paradigm shift,
making Predictive maintenance (PdM) a key enabler of operational readiness. This paper examines the impact of AI-
enabled autonomous systems in military operations with a focus on the specific needs of the Indian Armed Forces.
Through a structured literature review, unique challenges such as legacy systems integration, resource constraints, and
multi-domain operations are identified. A tailored five-layer Predictive maintenance framework aligned to Indian
defence requirements is proposed, covering sensor acquisition, edge processing, secure communication, central AI
analytics, and decision support. The framework addresses data quality, algorithm robustness, cybersecurity, and human-
machine collaboration. Practical recommendations are offered for policymakers, defence planners, and researchers
seeking to enhance defence preparedness.
Keywords: Artificial Intelligence, Autonomous Systems, Predictive Maintenance, Indian Defence, Machine Learning,
Military Operations, Defence Technology, Operational Readiness.

1. Background Significance
Contemporary military operations increasingly depend on complex technological systems that must be highly reliable to
ensure mission success and national security. The proliferation of AI-based autonomous systems across air, land, sea,
and cyber domains is changing the nature of warfare and creating new maintenance challenges [1]. Predictive
maintenance uses real-time sensor data, historical trends, and advanced analytics to predict equipment failures before
they occur, unlike traditional reactive or planned maintenance approaches. This proactive approach reduces downtime,
optimises resource utilisation, extends equipment life, and improves mission readiness [2].
For India, the strategic significance is heightened by diverse operating conditions ranging from Himalayan heights to
the maritime environments, a mixed fleet of indigenous and foreign platforms, and the national imperatives of Make in
India and self-reliant India. Building local AI and autonomous systems capabilities is therefore both an operational and
a strategic necessity [3,4].
1.2 Research Gap
While research on AI in defence is growing rapidly. The majority of current PdM models tailored to Indian defence
settings remain limited. Most existing studies focus on Western defence institutions operating in different environments,
with varying resource availability and strategic priorities [5]. Indian forces face unique constraints, including aged
equipment, large inventories, financial limits, heterogeneous operating environments, and the unavoidable need for
technology indigenisation [2]. This study seeks to advance the adoption of AI-enabled predictive maintenance (PdM) in
the Indian defence sector by systematically addressing gaps in current practices for autonomous systems.
1.3 Research Objectives:
(i) Examine the current state of AI-enabled autonomous systems in global and Indian defence applications in the world
and in the Indian context.
(ii)Identify predictive maintenance requirements for Indian defence autonomous systems.
(iii)Develop a framework and roadmap for AI-based predictive maintenance that is specific to the Indian operations.
(iv)Discuss the implementation issues and mitigation measures.
(v)Provide recommendations for capacity building, policy and technological development.
2. Literature Review
2.1 AI and Autonomous Systems in Defence
Artificial Intelligence is transforming defence systems by enabling intelligent decision support and autonomous
navigation [6,7]. Current Indian defence autonomous systems include unmanned aerial vehicles, unmanned ground
vehicles, autonomous maritime platforms, and electronic warfare and cyber defence systems [2,3,4]. These systems use
AI for perception, planning, decision-making, and implementation, with varying levels of human supervision. AI/ML
enable tactical autonomy in defence applications with strong emphasis on autonomous navigation for platforms (e.g.
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drones, unmanned systems in complex environments) and intelligent decision support (e.g. real-time processing for
threat detection, mission planning and human-machine learning), thus positioning AI as integral to contemporary and
future military operations [ 8,9]. Recent advances indicate that AI is changing the landscape across every sphere of
defence. [10]. Ground vehicles operate independently; however, they use sensor fusion and path-planning algorithms to
navigate through contested environments [11]. Navigational AIs detect mines, track submarines, and coordinate fleets
[12]. Machine learning has also been used by electronic warfare systems in signal intelligence and adaptive
countermeasures [13]. These aspects are changing the terms of reference for the maintenance of these vehicles and
equipment to keep them in op-ready condition with high mission reliability.

2.2 Predictive Maintenance Technologies
Maintenance in Indian defence has historically relied on preventive schedules. Predictive maintenance evolves from
reactive and preventive paradigms by using condition-based monitoring, data analytics, machine learning algorithms
and a digital twin model. The regime in the Indian Defence has, until now, mainly used preventive measures. Predictive
maintenance is the development of reactive and preventive maintenance paradigms. Preventive maintenance is carried
out on a routine basis, and parts that still have useful life are often replaced prematurely and unnecessarily, at a cost that
should be avoided. Traditional reactive maintenance responds to failures only after they occur, resulting in unplanned
downtime and mission impact. A comparative table (Table 1) summarising the comparison between traditional and
PdM is presented based on the literature [14]. Condition-based monitoring, data analytics and machine learning are
implemented in predictive maintenance to predict failures before they occur. Sensors, data analytics, machine learning
algorithms, and Digital Twins are the primary technologies being used in Predictive Maintenance.

Table 1: Comparison between Traditional and Predictive Maintenance
Metrics Traditional Maintenance Predictive Maintenance

Maintenance Strategy Time-based Reactive Condition-based/proactive
Unplanned downtime High Significantly reduced

Spare parts inventory High Safety Stock Optimised Safety stock

Maintenance Costs Fixed Schedule Overheads Optimised scheduling

System Availability Variable Improved

2.3 Predictive Maintenance in Defence Context
Although Predictive maintenance has emerged as a key enabler and cost-saving approach, some challenges in military
equipment maintenance include diverse equipment types, harsh working conditions such as temperature changes, high
vibration, electromagnetic interference, and combat loads. Due to the diverse equipment holdings of aircraft, ships,
ground-based vehicles, and tracked armoured fighting vehicles (AFVs), the failure modes are likewise broad, requiring
a unique approach for each type [2,3]. The research has indicated the advantages of PdM in defence. In a study by
Sengupta et al., machine learning achieves high accuracy in predicting the maintenance need for AFVs [16]. Studies on
intelligent systems for UAVs, aircraft, and naval vessels show that PdM reduces maintenance costs and improves
availability [18,19,20]. Studies have also identified a military-specific architecture that combines IoT sensors, edge
computing, and cloud analytics [17].

2.4 Indian Defence Context and Requirements
Integrating predictive maintenance technologies, especially to address strategic imperatives, indigenous development
and reduced foreign dependency, is essential yet most challenging, especially considering a diverse equipment portfolio,
including local platforms (Tejas aircraft, Arjun tanks, BrahMos missiles), Russian platforms (Su-30MKI & T-90 tanks),
Western platforms (C-130J, P-8I), and vintage equipment that needs modernisation [5].
Also, Indian defence forces operate across diverse environments with temperatures ranging from -50°C to 50°C,
including hilly terrain, maritime environments, and high-altitude regions, which implies that PdM solutions must be
robust [3]. Lengthy, geopolitically unpredictable borders with Pakistan and China further require sustained high
equipment availability and operational readiness. Other distinctive demands include multi-platform compatibility with
various types of equipment and vintages, the possibility of retrofitting sensors, high resistance to harsh-environment
factors, robust communication and computing infrastructure, strong cybersecurity, and upskilling maintenance staff.
Table 2 summarises predictive maintenance challenges and capability requirements by system category

Table 2: Summary of Predictive Maintenance challenges and capabilities
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Figure 1: AI-Based Predictive Maintenance Architecture

System
Category

Current Challenges Required Capabilities Priority
Level

Unmanned
Aerial
Vehicles
(UAVs)

Harsh high altitude/marine
environments causing sensor
degradation, limited on-board data
storage/processing, integration
with legacy systems

High-frequency multi-sensor fusion
(vibration, thermal, acoustic) edge AI
for real-time anomaly detection,
ruggedised MILSTD-compliant
sensors, predictive models for
propulsion/battery failures

High

Unmanned
Ground
Vehicles
(UGVs)

Extreme terrains leading to
mechanical wear, dust ingress,
bandwidth for transmission, and
legacy retrofitting difficulties

Robust vibration/oil debris
monitoring, trend analysis for
drive/train/terrain adaptation,
federated learning for distributed fleet
data, and autonomous diagnostic
tools

High

Armoured
Vehicles

Manual inspection dependency Predictive analytics for engines,
transmission and track health

Medium to
High

Autonomous
Maritime
Platforms
(USVs/AUVs)

Corrosion, saltwater damage,
acoustic interference, long-duration
missions with intermittent
connectivity

Corrosion acoustic sensors with
predictive algorithms, AI-driven
remaining useful life (RUL)
forecasting for propulsion/hull secure
underwater data protocols, hybrid
edge cloud processing

High

Electronic
Warfare
Systems

Electromagnetic interference, rapid
obsolescence, sensitive data
handling, false positives

EMI hardened sensors, explainable
AI for anomaly detection, real-time
predictive analytics on signal
integrity, secure data pipelines of
MIL STD

Medium to
High

Cyber
Defence
Systems

Evolving threats, data
quality/heterogeneity from diverse
platforms, skill shortages for AI
model maintenance, legacy
networks integration

Ai-based threat prediction
model/retraining/drift detection,
robust cybersecurity frameworks,
encryption, automated incident
response capabilities

High

3. Methodology
To develop a skeleton framework and roadmap for implementing PdM, peer-reviewed papers on defence technology,
AI, and predictive maintenance published between 2018 and 2026 were reviewed, with a focus on high-impact journals
and conference proceedings. The requirement analysis identified maintenance needs for autonomous defence systems
based on published studies and capability assessments. AI/ML methods and its principles and techniques, along with
sensor and sensor fusion technologies, were integrated for PdM suitability. Findings have been synthesised into a
layered framework and an implementation roadmap [21,36].

4. Proposed Predictive Maintenance Framework
Further building on hierarchical predictive maintenance concepts outlined in the literature [2,21], the proposed AI-based
PdM system (Figure 1) for military platforms leverages niche technologies and comprises five functional blocks. These
blocks follow a structured, layered data-flow architecture, enabling seamless progression from sensor data acquisition to
strategic decision support.
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Layer 1: Sensor Layer (Data Acquisition)

The sensor and data acquisition layer comprises embedded and external sensors on the most important subsystems, such
as engines, transmissions, bearings, and cooling systems. Common sensors include vibration sensors (accelerometers),
temperature sensors, pressure sensors, Oil debris sensors, and acoustic sensors. These sensors continuously monitor
equipment health and produce time-series data.
This layer continuously monitors equipment health across critical subsystems such as engines, transmissions, bearings
and cooling systems. The reliability of predictive maintenance depends on the quality of this sensor data, which must
meet military standards (MIL-STD-810, MIL-STD-461) to withstand extreme temperatures and vibration on engine
blocks, gearboxes, and bearings. Sensors will detect overheating due to friction, lubrication failure, misalignment, or
cooling inefficiency [23]. Oil debris sensors monitor wear particles in lubricating oil, which provides an early indication
of internal component wear. Pressure and current sensors monitor the performance of the hydraulic and electrical
subsystems [24].
Sensor sampling frequency is selected based on the type of failure being monitored. Vibration signals require high-
frequency sampling (10Hz - 10kHz) to capture fault-specific components, whereas temperature and pressure can be
monitored at lower rates (1-10Hz) [4]. Data acquisition units then condition, filter, and digitise these signals before
transmitting them to edge processors or maintenance servers.
Mathematically, at any given time t, the sensor state vector represents the processed health data available for predictive
analysis
X(t) =[x1(t), x2(t), x3(t)………, xn(t)] where xi(t)represents individual sensor measurements.
The above equation gives a vector, which is a structured collection of sensor readings at a specific time t. This vector is
used as the input to algorithms such as Kalman Filter, Machine learning models, Fault detection algorithms, Prognostics
and Health Management (PHM), and Predictive maintenance models. These algorithms use X t to detect faults,
estimate system health, predict failure and track system behaviour over time [24]. Communication between sensors and
processing units relies on standardised protocols such as CAN (Controller Area Network), MIL-STD-1553B, and
Ethernet-based protocols. Wireless sensor networks and IoT -enabled architectures extend monitoring across fleet
platforms. Edge computing units perform preliminary signal conditioning and transmit only relevant features or
anomaly indicators, thereby reducing bandwidth requirements. Interoperability across heterogeneous platforms is
achieved through standardised data formats, including ISO 13374 and OSA-CBM.
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Layer 2: Edge Processing Layer.
Onboard edge computing units receive sensor data. These ruggedised processor versions perform first-stage signal
conditioning, noise reduction, feature selection, and anomaly detection. Edge processing eliminates the bandwidth gap
in communication and enables real-time fault detection in a communication-denied world.
The raw sensor signals cannot be directly used for predictive maintenance because they contain noise, disturbances, and
operational variations. The data processing layer extracts useful features from sensor signals that represent the actual
condition of equipment[24]. Signal processing techniques such as the Fast Fourier Transform (FFT) are used to analyse
vibration signals and identify fault-related frequencies associated with bearing defects, gear damage, or imbalance
[23,25]. Time-domain features such as Root Mean Square (RMS), peak amplitude, kurtosis, and crest factor are
calculated to measure vibration severity and detect abnormal behaviour[22,26]
Let the raw sensor signal be represented as:

x(t)=s(t)+n(t)
Where s(t) is the true signal and n(t) represents noise.
Signal processing techniques such as Fast Fourier Transform (FFT) are used to convert time-domain signals into
frequency-domain representation:

X(f)=
−∞

∞
x(t)� e−j2πftdt

x(t) represents the signal in the time domain, whereas X(f) represents the same signal in the frequency domain, and f
denotes the frequency. The term e−j2πft is a mathematical function used to extract the different frequency components
present in the signal. In simple terms, this transformation shows which frequencies are present in the signal and how
strong each is. This is particularly useful for fault detection, since most mechanical faults produce characteristic
frequency signatures. For example, a bearing defect generates specific bearing-fault frequencies, gear damage produces
gear-mesh frequencies, and imbalance produces frequencies corresponding to shaft rotation. By applying FFT, these
frequency components can be clearly identified. This helps detect and diagnose mechanical defects, such as bearing
wear, gear damage, and imbalance, at an early stage. This approach is widely used in condition monitoring and fault
diagnosis of rotating machinery[23,25].Trend monitoring is also performed by observing gradual changes in parameters
such as temperature, vibration, and oil condition over time. Increasing trends in vibration or temperature often indicate
progressive component wear [24].
Time-frequency analysis using the Wavelet Transform provides superior localisation of transient faults:

W(a,b)=∫x(t)ψ∗
t−b
a

dt

where a and b represent the scale and translation parameters, respectively. The Wavelet Transform analyses signals in
both time and frequency domains simultaneously. In this equation, W(a,b) represents the wavelet transform output, x(t)
represents the original signal, and ψ represents the wavelet function. The parameter a corresponds to scale, which
provides frequency-related information, while b corresponds to translation, which indicates the time location of the
signal component.
The Wavelet Transform enables simultaneous localisation of faults in both time and frequency domains, making it
particularly effective for detecting sudden failures, transient disturbances, crack initiation, and bearing defects in
rotating machinery. Unlike the Fast Fourier Transform (FFT), which provides only frequency-domain information,
Wavelet analysis is better suited for non-stationary signals in condition monitoring and PHM applications [24,14].
Feature extraction translates raw sensor signals into diagnostic parameters. The mean indicates the overall signal level;
elevated values suggest imbalance or misalignment. The Root Mean Square is a widely used measure of signal energy
that reflects vibration severity and fault progression. Kurtosis highlights impulsive peaks, often linked to localised
defects such as cracks or bearing damage, while skewness captures signal asymmetry, useful for early fault detection.
Spectral energy represents total frequency-domain energy, with increases at characteristic fault frequencies providing
strong evidence of mechanical defects[23,24].
Kurtosis is another important statistical feature that measures the impulsiveness or presence of sharp peaks in the signal.
High kurtosis values are typically associated with localised defects such as bearing damage, cracks or surface
irregularities.In contrast, a healthy system usually produces signals with relatively low kurtosis, whereas a faulty system
exhibits significantly higher kurtosis due to impulsive fault-related events. Additionally, the feature includes skewness
and spectral energy. Skewness measures the asymmetry of the signal distribution and helps detect abnormal signal
behaviour, making it useful for early fault detection.
Spectral energy represents the total energy content in the frequency domain and is particularly useful for identifying
fault-related frequency components. An increase in spectral energy at characteristic fault frequencies provides strong
evidence of mechanical defects. These statistical features are widely used in condition monitoring, prognostics, and
Preventive Health management of condition-rotating machinery [23,24].
Multi-sensor data fusion techniques combine measurements from different types of sensors, such as vibration,
temperature, pressure, and acoustic sensors. Instead of relying on a single sensor, the system integrates information
from multiple sensor modalities to provide a more comprehensive assessment of system condition. This approach
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improves diagnostic accuracy, enhances reliability, and increases confidence in fault detection by capturing
complementary information from different physical parameters [27]. Normalisation techniques are applied to ensure
consistency of features across different sensors, platforms and operating conditions. The normalised value is calculated
as :

xnorm=
x−μ
σ

Where μ represents the mean and σ represents the standard deviation of the signal. This process converts data to a
standard scale, enabling meaningful comparisons between features obtained from different sensors. Since different
sensors operate over different numerical ranges—for example, temperature may range from 30 to 100, while vibration
may range from 0 to 10—direct comparison without normalisation may lead to incorrect interpretation. Normalisation
ensures that all features contribute proportionately and prevents bias toward features with larger numerical values. This
step is essential for improving the performance stability and reliability of machine learning and Prognostics and Health
Management (PHM) models [27,35]

Layer 3: Diagnostics and Secure Communication Layer
The diagnostics layer detects abnormal behaviour by comparing current conditions with healthy baselines. Anomaly
detection techniques highlight deviations in vibration, temperature, or other parameters beyond normal limits- for
instance, increased vibration amplitude at characteristic frequencies may indicate bearing wear or gear damage.
Fault classification methods then specify the type of fault, such as lubrication failure or cooling system malfunction, etc.
Machine Learning classifiers (e.g., Random Forests, Support Vector Machines (SVMs), Neural Networks) categorise
anomalies, while deep learning models (e.g., CNNs) automatically extract hierarchical features to identify complex
patterns [28].
This allows mechanical faults to be detected much earlier and enables planned maintenance. Root cause analysis further
pinpoints the degrading component, reducing unnecessary replacement of healthy parts and improving maintenance
efficiency.
The processed data is securely passed to the field workshop/forward maintenance nodes and central servers,
respectively, via a military communication network. Encrypted communication protocols are used to meet the security
and integrity needs in data transmission.

Layer 4: Central AI analytics Layer
Advanced analytics is performed on central servers using machine learning models in this layer. These models engage
in fault diagnosis, degradation modelling as well as remaining useful life prediction. On a fleet-wide basis, it is possible
to detect system-wide faults and maintenance trends. In this layer, Prognostics and Remaining Useful Life (RUL) of
equipment and of critical components[33].
This is achieved by analysing degradation trends observed in sensor data such as vibration, temperature, and oil
condition. The degradation of system health is represented using a health index function :

H(x) = f(X(t))
Where H(t) represents the health condition of the system at time t, and X(t) represents the sensor state vector. This
function converts multi-sensor data into a single health indicator that reflects the equipment's overall condition. The
Remaining Useful Life is estimated as:

RUL=tf−t.
Where tf represents the predicted failure time and t represents the current time. This provides an estimate of the time
remaining before the system reaches a failure condition[28,29].
Time-series prediction models, such as Long Short-Term Memory (LSTM) neural networks, have been widely applied
to learn degradation patterns and forecast future health conditions of complex systems. Similar approaches have been
explored in the energy sector and smart grid contexts, where econometric and time-series analysis techniques are used
to model dynamic system behaviour [30]. This future health prediction can be represented as :

H�(t+1) = f(H(t),H(t-1),…)
where H�(t+1)represents the predicted future health state. These models use historical health data to forecast degradation
trends and estimate failure progression[31]. Failure probability is estimated using reliability models such as the Weibull
distribution:

F(t)=1−e−(t/η)β

where η represents the characteristic life and β represents the shape parameter that defines the failure behaviour. This
model provides the probability of failure as a function of time[32].
These prognostic predictions enable condition-based maintenance and allow maintenance actions to be scheduled before
catastrophic failure, thereby improving system reliability, availability, and operational safety [32].
As components degrade, vibration amplitude gradually increases. By analysing this degradation trend, a predictive
maintenance system can estimate how long the component will continue to operate before failure occurs.
This allows maintenance to be scheduled before failure, preventing unexpected breakdowns during operation.
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Typically, predictive maintenance systems can provide early warning 100–300 operating hours before failure in
mechanical systems such as AFV engines and transmissions[29,33].
Accurate RUL prediction improves maintenance planning and ensures high equipment availability.

Layer 5: Decision Support Layer
Advanced analytics is performed on central servers using machine learning models. These models engage in fault
diagnosis, degradation modelling, and remaining useful life prediction. On a fleet-wide basis, it is possible to detect
system-wide faults and maintenance trends.
This decision support layer utilises predictive maintenance information to assist maintenance planning and operational
decision-making. Equipment health status and prognostic information are provided to maintenance personnel and
operational commanders to enable accurate assessment of platform readiness and mission availability.
Maintenance decision optimisation can be formulated as a cost minimisation problem:

min⁡C=Cm+Cf+Cd
where Cmrepresents the maintenance cost, Cfrepresents the failure cost, and Cdrepresents the downtime cost.
The objective is to minimise the total operational cost by selecting optimal maintenance actions based on equipment
condition[32]. Maintenance scheduling is therefore performed based on the equipment's actual condition rather than
fixed time intervals.
This condition-based maintenance approach reduces unnecessary maintenance activities and prevents unexpected
failures, thereby improving operational efficiency and system reliability [24].
Fleet-level monitoring enables maintenance planners to simultaneously track the health of multiple platforms and
identify common failure patterns. This information supports optimisation of spare parts planning, logistics management,
and resource allocation based on predicted maintenance requirements.
Predictive maintenance implementation has been shown to significantly improve equipment availability, reduce
maintenance costs, and enhance overall operational readiness [34].

5. Domain Applications
Armoured Fighting Vehicles (AFVs)
AFVs operate under severe mechanical loads. Vibration monitoring, oil analysis, and temperature forecasting reduce
unplanned downtime and enhance operational reliability.\[2,3].
Unmanned Aerial Vehicles (UAV)
UAVs require high reliability for surveillance and reconnaissance. Flight data telemetry, vibration analysis of
propulsion and thermal imaging of electronics enable proactive replacements, improving mission success rates and fleet
reliability. Where failure in propulsion, avionics and communication systems can compromise the entire mission [18].
Naval Systems
Maritime environments cause corrosion, saltwater damage, and mechanical wear. Maintenance in operational areas is
difficult [20]. Remedial action would comprise corrosion sensors tracking hull integrity, vibration assessments of
propulsion system health, and acoustic monitoring to detect anomalies in submarine equipment, thereby reducing
emergency dry docking, lowering maintenance costs, and improving operational availability.
6. Implementation Roadmap
A phased roadmap outlined in Table 3 integrates condition-Based monitoring (CBM), pilot scaling, data governance,
cybersecurity, and sustainment, drawing on established PdM practices [2,36].

Table 3: Phased Roadmap for Implementation
Phase
Name

I
Feasibility and

Pilot

II
Scaling and Model

Maturation

III
Full Integration &
Operationalisation

IV
Continuous

improvement &
Expansion

Duration 0-12 months 12-24 months 24-36 months Beyond 36 months
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Key
Mile-
stones
and
Activity

 Feasibility
study

 Governance set-
up

 Vehicle sub-set
selection and
sensor
deployment

 IoT and basic
AI integration

 Secure data
pipelines and
baseline metrics

 Field trials and
cyber
assessment

 Pilot result
analysis

 Expand to 20-
40% of the fleet

 Refine models
with real data

 Data governance
and integration
with logistics
systems

 Technician
Training

 Cyber hardening

 Fleet-wide
rollout

 Scalable cloud
infrastructure

 Unified Decision
Support System

 Complete
personnel
training and SOP

 Integration
 Supply chain

optimisation

 Model retraining
and drift detection

 Advanced R&D,
Digital twins,
Federated
Learning

 Expand to
weapons, aircraft,
and naval ships.

 International
industry &
academia
collaboration,
audit and Tech
refresh

Focus  Proof of
concept

 Risk reduction

 Refinement and
broader coverage

 Organisation-
wide adoption

 Maturity, Broader
assets coverage

Success
Criteria

 Validated
models

 Positive pilot
ROI

 Low risk
deployment

 Measurable
savings and
model
accuracy .80-
90%

 High readiness
impact

 Minimum
Disruption

 Institutionalised
processes

 Sustained
improvement and
innovation culture

Risks to
mitigate

 Data quality
issues

 Cyber-security

 Integration
challenges

 False positives

 Legacy system
retrofitting

 Bandwidth in
remote

 Model obs-
olescence

 Evolving threats
 Over-Budget

7. Challenges, Mitigation Measures, and Future Scope
7.1 Technical Challenges
Hardware and Infrastructure: require careful planning for integrating AI into defence systems. Cybersecurity needs end-
to-end encryption, intrusion detection, and access control. Human-machine interfaces must present AI outputs in a
readable form. Continuous learning feedback loops are needed to keep models accurate. Skill gaps require AI/ML
training for maintenance personnel.
7.2 Organisational Challenges
Cultural resistance to moving from preventive to predictive practices must be addressed. Interagency coordination
among the Army, Navy and Air Force is needed for shared standards. Budget planning must account for phased
implementations.
7.3 Policy and Strategic Considerations
Clear data governance policies for collection, storage, sharing and security are required. Indigenisation of technology
reduces reliance on foreign suppliers. Public-private partnerships with Indian firms and academia accelerate platform
development. International cooperation enables knowledge transfer while preserving sovereignty.
7.4 Future Scope.
Predictive Maintenance in the Indian Military is quickly gaining attention, particularly as an increasing number of
sensors and digital systems are being steadily equipped across platforms such as armoured vehicles, aircraft, naval
platforms, and unmanned systems. As more active data on these platforms is made available, the predictive maintenance
models will become more accurate and reliable.
The future of predictive maintenance in the Indian Military is very promising, especially as more sensors and digital
systems are gradually fitted on equipment such as armoured vehicles, aircraft, naval platforms and unmanned systems.
As more operational data from these platforms becomes available, predictive maintenance models will become more
accurate and reliable. This will help identify early signs of component wear and estimate how long a system can
continue to operate safely before maintenance is required.
One important area of development will be explainable artificial intelligence. At present, many AI models give failure
predictions, but they do not clearly show the reasons behind those predictions. In military applications, maintenance
personnel must understand why a particular failure is predicted before taking action. Explainable AI will help in
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identifying which parameters, such as abnormal vibration, rising temperature, or oil contamination, are responsible for
equipment deterioration. This will improve confidence in the system and help maintenance staff make timely, accurate
decisions.
Another important development will be the use of decentralised or distributed learning systems. Instead of sending all
equipment data to a central location, analysis can be performed locally at the unit or formation level, with only essential
information shared. This will reduce data transfer load, improve cybersecurity, and enable predictive models to reflect
actual operating conditions across different environments, such as deserts, high-altitude areas, and maritime regions.
Predictive maintenance systems will also gradually be integrated with existing logistics and maintenance management
systems. This will help plan maintenance, manage spare parts, and schedule repairs based on the equipment's actual
condition rather than fixed time schedules. Such an approach will reduce unnecessary maintenance and improve
equipment availability for operational tasks.
In the future, digital twin technology is also likely to play an important role. A digital twin is a virtual representation of
a physical system that can simulate its behaviour under different conditions. This will help maintenance agencies to
study equipment condition, predict failures, and plan maintenance more effectively without affecting the actual platform.
With the continued development of indigenous AI capability, sensor systems, and computing infrastructure under
national initiatives, predictive maintenance will become a standard practice in Indian defence. This will improve
equipment reliability, reduce maintenance costs, and ensure higher operational readiness during both peace and
operational deployments.

8. Conclusion
This study highlights the critical need for technical upgradation and the indigenisation of technologies to counter the
impact of niche technologies such as AI and Autonomous systems on Indian defence. A conceptual framework for AI-
based predictive maintenance (PdM) of Autonomous systems for the Indian military has been proposed. The five-layer
architecture proposed addresses functional problems that may arise during operational use. It accounts for different
equipment portfolios, which can be expanded to include all identified equipment. This framework also accounts for
severe operational environments, resource constraints and strategic demands of indigenous capabilities. A four-phase
roadmap is presented for further discussion by decision-makers and policymakers. These capabilities can be further
expanded and enhanced by integration with other new technologies, such as digital twins and quantum computing.
Challenges envisaged in respect to the military have been examined and mitigating measures have been discussed. With
the development of AI technologies, predictive maintenance is essential for op readiness and mission reliability of the
equipment. Hence, a commitment to technological advancement and adaptation is an inescapable requirement for Indian
Defence in the present day.
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