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ABSTRACT: Cape Verde, an archipelago in the Central Atlantic, is confronted with opportunities and challenges 

associated with the development of business and tourism sectors, including the root and tuber value chains. This 
phenomenon is associated with climate change that increasingly dictates new business opportunities and new risk factors 

to be addressed in the world of tourism. This study identified risk scales associated with climate change along the entire 

root and tuber value chain in the country. In addition to these factors, 85 positive and negative risk factors were identified, 

classified and described. A set of thematic maps was built, presenting the risk levels and their factors in Cape Verde and 

in each of the six islands that make up the country. The research indicated that drought and desertification are the most 

critical climate risks on the islands. The lower development of the root and tuber tourism value chain in Cape Verde 

offers new opportunities for businesses and tourism. The analysis of the initialized risk factors in the root and tuber value 

chain provides the foundation for implementing a climate risk management plan, which seeks to minimize, decrease 

and/or mitigate the consequences for tourism due to the effects of climate change. 

 

KEYWORDS: Electric vehicles, powertrains, predictive maintenance, explainable artificial intelligence, diagnostics, 

prognostics, battery management system, thermal management, electric motor and inverter, safety-critical applications. 

 

I. INTRODUCTION 

 

Predictive maintenance techniques are increasingly used in electric vehicles (EVs) to ensure reliability and safety, and to 

reduce maintenance costs and associated vehicle downtime. A large number of sensors generate extensive amounts of 

data that powertrain computers use for system management, diagnostics, and fault prediction. The availability of 

maintenance-related data recorded by vehicles in the field presents an opportunity to develop artificial-intelligence-based 

solutions for predictive maintenance. Such machine-learning and deep-learning models can predict the imminent failure 

of components, enabling proactive maintenance action. 

 

For deployment in safety-critical applications, however, these models must meet explainability requirements. 
Meaningfully explaining the model’s reasoning increases user trust in its predictions and supports operation and 

maintenance. Unlike failure prediction, which classifies the operational condition, the aim of system-level diagnostics is 

to explain the model’s predicted class while offering auxiliary fault indicators. Beyond simple fault codes, the objective 

is to provide detailed explanations clarifying how symptoms and other evidence point to the faults. A generic architectural 

design applicable to different subsystems is proposed first, followed by a comparison of methodologies for generating 

explanations. Domain-specific frameworks for battery, motor, inverter, thermal management, and other powertrain 

systems are then established. 

 

1.1. Background and Significance: The strategic and regulatory push to decarbonize road transportation underscores 

the need for electric vehicle powertrains that are economically viable, safe, and reliable. Battery-electric and fuel-cell 
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vehicles constitute a new and rapidly growing vehicle category that relies on sophisticated electric components and 

systems. Large volume manufacturers (OEMs) have established predictive maintenance (PM) programs for their global 

fleets by leveraging the rich data streams made publicly available through dedicated in-vehicle telecommunications 

systems. However, due to the complexity, cost, and safety-critical nature of electric powertrains, these OEMs do not 

provide sufficiently reliable prognoses for the major electric components and systems outside PM manuals, leaving 

aftermarket service providers to rely on traditional time-based maintenance schedules. Consequently, maintenance 

predictive capabilities for electric vehicle powertrains have received limited academic attention when compared to these 

OEMs' proprietary solutions. 

 

For critical and complex components such as batteries, electrical machines, power electronics, and thermal/thermal-

management systems, prognosis with sufficient reliability is particularly challenging but required to enable safe and cost-
effective electric-vehicle operation. Basic supervision-free data-driven diagnostics approaches apply equilibrium-based 

models or deep neural networks without the rigor of normal operation. Key real-world failure modes continue without 

automated prediction, and vendor-provisioned diagnostic trouble codes are not supplemented by explanation. A more 

comprehensive, structured, and modular framework for explainable diagnostics with a particular focus on prognostics is 

required. 

 

 
 

Fig 1: Next Generation of Electric Vehicles 

 

1.2. Research design: The main objective is to lay a formal foundation for applying explainable artificial intelligence 

(XAI) to diagnostic systems for predictive maintenance (PM) in EV powertrains. The underlying hypothesis states that 

enabling PM diagnostics systems with appropriate explanations will help alleviate the current synthesis and evaluation 

challenges and support industry adoption. Although the adoption of PM principles in EV powertrains has received 

considerable attention, a systematic approach that explicitly leverages XAI techniques and considers the specific 

operational and industrial contexts has not been fully articulated. To support this analysis, a two-staged XAI workflow 

is proposed. The first stage identifies and classifies a PM use case based on a chosen failure mode and the resources 
required to support the predictive model, while the second stage provides tailored explanations according to the XAI 

principles most relevant to the application. 

 

A comprehensive performance assessment and comparison of different explanation mechanisms for a given PM use case 

and predictive model can often be challenging. Indeed, although machine learning (ML) and deep-learning models 

commonly outperform interpretable approaches in predictive accuracy, they sometimes do so at the expense of local or 

global human interpretability. The selection of an explanation technique and its configuration normally reflect critical 

attributes of the use case considered rather than the nature of the model. Thus, in cases where the model accuracy is 

paramount, and attention can be devoted to the explanations during the evaluation phase, a model-agnostic selection 

might be preferred. Conversely, for applications in safety-critical domains, or where explanation quality is essential, 

careful specification of the model-agnostic explanation mechanism and model choice may yield valuable insights. 

 

II. BACKGROUND AND THEORETICAL FOUNDATIONS 

 

Residual Analysis, Data Dimensionality Reduction, and Random Sampling—Statistical Data Handling for a Predictive 

Maintenance Application Residual analysis is a technique utilized to evaluate whether a fitted model is suitable. The 

residuals from modeling the difference between the dependent variable and the predicted values are expected to satisfy 

specific conditions, including: 
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The residuals must be randomly spread around the centerline. 

The residuals must be normally distributed. 

The residuals must be independent of each other. 

The residuals must exhibit constant variance. 

 

If the residuals do not conform to these conditions, the model is not optimal. A linear regression model, for instance, may 

fit the data well, producing a low RMSE; however, it may still not be appropriate if the residuals exhibit clear patterns, 

are non-normally distributed, are not independent, or show non-constant variance. 

 

In many real-life problems, the dimensionality of the dataset is high. Reducing data dimensionality typically helps 

improve model performance and avoid overfitting. High-dimensional datasets also lead to longer execution times. 
Random sub-sampling can help reduce data volume while achieving similar modeling quality. For example, for large 

datasets, applying random sampling to select only 20% of the data can often improve execution speed without degrading 

model performance quality. 

 

2.1. Predictive Maintenance in Electric Vehicle Powertrains: Predictive maintenance aims to predict failures before 

they occur to minimize unplanned downtime and maintenance costs. Although it is widely used in various domains, the 

absence of a predictive-maintenance framework for electric vehicles hampers reliable and safe operations that meet public 

expectation and industry requirements. Evidence that predictive maintenance succeeds in other applications does not 

necessarily guarantee that it can be applied to electric vehicle powertrains. Open questions concern the causes of electric 

vehicle outages, the dominant mode of electric vehicle failures, the data required for effective predictive-maintenance 

models, and their performance evaluation metrics. Answering these questions not only adds to an understanding of 

electric vehicle reliability but also supports the development of predictive-maintenance solutions for this rapidly growing 
area of transportation. 

 

The operational reliability of electric vehicles greatly depends on the underlying powertrains, which are susceptible to 

various faults and failures. Nonetheless, detailed investigations of electric vehicle failures remain scarce. A study of the 

operational reliability of vehicles in the Automotive Information Sharing and Analysis Center database revealed that 

batteries are the most frequently cited lesions, followed by connector issues and electrical harnesses. A comprehensive 

study of incident reports data from the National Highway Traffic Safety Administration found that inadequate battery 

design increases the risk of fire and smoke, battery management system flaws may lead to undetected overheating, and 

electric motors and inverters are vulnerable to thermal issues. These results suggest that battery degradation, auxiliary 

connector issues, and electric motor and inverter defects are the main causes of electric vehicle failures. 

 

Equation 1: Residual analysis (model adequacy) — full derivation 

For data points (𝑥𝑖 , 𝑦𝑖) and a fitted model prediction 𝑦̂𝑖: 
1. Prediction: 𝑦̂𝑖 = 𝑓(𝑥𝑖) 
2. Residual (error at sample 𝑖): 

𝑒𝑖 = 𝑦𝑖 − 𝑦̂𝑖 
Start from “average squared error”: 

1. Square each residual: 𝑒𝑖
2 

2. Sum across all 𝑛 samples: ∑ 𝑒𝑖
2𝑛

𝑖=1  

3. Divide by 𝑛 to average: 

MSE =
1

𝑛
∑𝑒𝑖

2

𝑛

𝑖=1

 

RMSE is just the square root of MSE so it’s in the same units as 𝑦: 

RMSE = √MSE = √
1

𝑛
∑𝑒𝑖

2

𝑛

𝑖=1

 

 Residuals vs fitted: check “randomly spread around centerline (0)” 

 Histogram / normality check: check “normally distributed” 

 Independence: residuals over time / lag plot 

 Constant variance: look for “fan shape” or heteroscedasticity 
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2.2. Explainable Artificial Intelligence: Concepts and Techniques: Explainable Artificial Intelligence (XAI) refers to 

methods or applications of AI whose results can be understood and interpreted by a human. Within this definition, 

explainable can have different meanings. Explainable is closely related to the desirable feature of interpretability defined 

by Lipton, namely “the degree to which a human can understand the cause of a decision”. Two kind of interpretations 

can be considered: local interpretations (which explain individual predictions) and global interpretations (which explain 

the overall behaviour of the model). Moreover, it should be noted that not all models of AI are prone to interpretation. In 

fact, “deep learning models or black-box models in general are extremely powerful, accurate and successful in many 

areas, but still hard to interpret, whereas interpretable models are usually simpler, with lower prediction performance”. 

When there is a desire of interpretability, a complex model is trained and after that efforts are made to understand the 

model’s decision by employing other explicable methods. 

 
Interpretability and transparency of the AI-based models belong to a particular aspect of the risk management cycle as 

far as safety-critical contexts are concerned. Transparency within a safety-critical sense means that “the safety and 

assurance arguments presented for the AI application are essentially correct and the relevant characteristics/behaviours 

of the system modelled by the AI services are adequately understood to support appropriate decisions”. Therefore, all AI 

solutions supporting or replacing parts of human decision-making in safety-critical contexts must be sufficiently 

transparent and interpretable to justify the associated risks. Interpretability and explainability of AI applications are also 

considered in ethical AI and AI governance contexts, given that explainable AI is a principle included in the OECD 

Principles on AI. 

 

2.3. Diagnostic Models and Data Sources in EV Powertrains: Diagnosis relies on a range of machine Learning (ML), 

statistical, and physics-based models. A core aspect of these models is the data used as input and the information 

leveraged to label failure modes. Similarly, the precise sensors and components involved in failure detection and what 
information from them is deemed important also varies depending on the nature of the failure. Therefore, in this section, 

the telemetry, dataset characteristics, sensors, and auxiliary information frequently employed in EV powertrain 

diagnostics are summarized. 

 

The data selected to model normal and faulty conditions must accurately represent the behavior of the system or 

component under evaluation. Indeed, Real-World Data from vehicles in the field naturally contain the noise and 

incompleteness usually present in real applications. By contrast, synthetic data rely upon a model — often physics-based 

— that is valid within the given operating range and always supervised and labelled. The telemetry information can also 

be limited to a small subset of sensors. Diagnostic tasks on safety-critical components often exploit data from different 

parts of the EV powertrain. In these instances, the models can thus be expressed as a function of time, where time-series-

related techniques are leveraged — often leading to better performance compared with conventional static classification 
techniques. Another common requirement is that fault codes emitted by the BSM are available; these codes may require 

a supervised procedure to assess their explanatory and diagnostic power. 
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III. ARCHITECTURE OF EXPLAINABLE DIAGNOSTICS SYSTEMS 

 

The architecture of a system for generating explainable diagnostics is designed to facilitate the disclosure of information 

surrounding the reliability of a given decision, prediction, or assessment. Although specific to an explainable framework 

for predictive maintenance in electric vehicle powertrains powered by deep learning, these concepts are relevant to 

prognostic models in general. Effective predictive maintenance offers significant quality-of-life improvements for end 

users by reducing downtime. Furthermore, when applied to safety-critical subsystems such as thermal management, 

explainable predictive maintenance systems can project the condition of the underlying system, allowing users to take 

action before a catastrophic failure occurs. 

 

The proposed system receives input from engineering models, various sensors, and historical maintenance records 
pertaining to the vehicle in question. A preprocessing module collects data from the sensors and analytics systems, 

synchronizes the datasets, and removes outliers. A feature-extraction module extracts the necessary features for each 

model, which are commonly weather data, operation time, ground temperature, thermal-status gauges, and fault codes 

from the battery management system. Given the safety-critical nature of the application, privacy is preserved by removing 

the metadata associated with the telemetry data, including indexes and packet timestamps, before model training. 

 

Many explainability techniques can be linked to a specific type of user. For instance, feature importance scoring can aid 

the understanding of black-box models by identifying key inputs, thereby offering a high-level overview of the decision-

making process. Model-agnostic local perturbation methods such as LIME and SHAP provide model-agnostic local 

explanations and are useful for users interpreting individual predictions, including subject-matter experts who may 

inspect a sample of explanations to interpret a multitude of predictions. Other techniques focus on providing more 

qualitative causality-based global explanations. Diagnosis and maintenance personnel are often the justifications’ primary 
audience, as both rely heavily on the diagnoses made by the system. Mostrar mais. 

 

 
 

Fig 2: Architecture of Explainable Diagnostics Systems 

 
3.1. Data Acquisition and Preprocessing: Data acquisition and preprocessing, essential for all data-driven predictive 

maintenance approaches, encompass data collection, synchronization, cleaning, feature extraction, and privacy 

considerations. Available data sources encompass telemetry data from onboard sensors, third-party driving datasets, fault 

codes, and degradation indicators. Telemetry data from remote sensors such as the Nordic Sensor Dataset and Driving 

Dataset in Northern China capture driving patterns, conditions, and power consumption. Labels reflecting extreme 

working conditions guiding battery degradation, excessive wear of brake systems and tires, and state variations of the 

cooling system are also included, serving as potential sources for long-term predictive maintenance models although 

never shared in the past. Ongoing efforts expressed in special issues related to an appropriate marketing dataset for electric 

vehicles reflect the growing research interest. 

 

The lack of a complete set of driving data of a specific car brand makes a tailored dataset impossible. Nevertheless, data 

of a different brand can be used for training, and transfer learning strategies can be applied when a small amount of target 
data emerges. Data from braking wear testing can also serve as labels. However, due to the limited quantity, a statistical 

transfer learning approach is applied on these labels. Driving data collected at a relatively high frequency is also available, 

providing training and test data for wear prediction with unsupervised training. Data from OEM telemetry and from the 
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industry development and maintenance network can also be leveraged to build predictive maintenance models, although 

appropriate action is required to ensure data confidentiality. 

 

3.2. Predictive Models for Failure Prediction: Candidate models for automating failure prediction encompass 

statistical, machine-learning, and deep-learning alternatives. Statistical methods provide interpretable results with low 

computational demands, especially attractive for small datasets. However, such datasets are inherently limited in the 

context of predictive maintenance because real-world failures seldom occur. Classically used algorithms like logistic 

regression and linear discriminant analysis offer insights into the goodness of fit but do not naturally support future risk 

estimation. Machine-learning algorithms, such as random forests and support-vector machines, can generate confidence 

measures (through, e.g., probability estimates) and usually outperform statistical methods. More recently, neural 

networks have been exploited for failure prediction. Their capacity to handle multivariate time series makes them ideal 
for such applications. Drawbacks include the potential need for vast amounts of training data, excessive training times, 

possible proneness to overfitting, and the limited interpretability of their predictions. In fact, due to their black-box nature, 

neural networks remain largely unsupported in safety-critical contexts. 

 

All considered predictive models ultimately yield a risk score, indicating the likelihood of failure within the horizon of 

interest. Such ranges (decreasing likelihood with increasing distance) are informative and allow decision-makers to trade 

off response latency and cost sensitivity. Depending on the model employed, these risk estimates can be complemented 

by a degree of confidence, providing valuable additional information when triggering maintenance actions. 

 

3.3. Explainability Mechanisms and Interfaces: Methods for generating explanations must accommodate their 

intended recipients, incorporating task- or user-specific perspectives and formats. The design of user interfaces should 

take user characteristics into account, such as specific knowledge, expertise, goals, and cognitive limitations, and 
explanations must thus be tailored to specific persons and contexts. Supporting decision-making requires connecting 

explanation delivery with the user’s task and providing information that is useful for the completion of that task. The 

specific data and explanations presented to end users should differ from those supplied for other purposes, such as system 

monitoring or explanation validation. Even though the underlying models may be complex and difficult to understand, 

the system may still be interpretable if appropriate explanations can be provided. 

 

IV. METHODOLOGICAL FRAMEWORKS FOR EXPLAINABLE DIAGNOSTICS 

 

Two concepts often come into play when discussing approaches to an explainable AI-driven diagnostic system: model-

agnostic versus model-specific explainability and integration of temporal or causal reasoning. The first relates to whether 

the diagnostics consider a family of models capable of producing interpretable predictions, which opens the door to a 
wider range of practical applications, or whether the explainability function is instead crafted around a single, often more 

complex model, which may offer better-quality configurational or topological statements. The second highlights the 

importance of handling time-series data in a way that exploits fault progression over time or provides causal explanations 

of the model output (e.g., main indicators of confidence loss), explanatory factors for the detected fault prediction, and 

insight into which specific fault is most probable. 

 

In some contexts, particularly safety-critical applications, exploration of the ontological foundation of the component 

under diagnosis—in other words, what happens inside the component itself—can also shed light on the causes and effects 

of failures, and consideration of how such knowledge can be embedded in the explainability function may be valuable. 

Another key area in the quest for safety and reliability resides in uncertainty quantification; aleatoric and epistemic 

uncertainty in model predictions must be assessed to ensure that actions and decisions based on diagnostic conclusions 

are properly calibrated. Integrating uncertainty quantification into an explainable diagnosis maintains the alignment of 
explainability with trust, offering intuitive risk interpretation while providing a basis for future research on safe-fail, risk-

aware controllers in the diagnosis loop. 

 

4.1. Model-Agnostic Versus Model-Specific Explainability: Explainable AI techniques can be classified into model-

agnostic and model-specific methods. Model-agnostic techniques can be used in conjunction with any predictive model, 

while model-specific techniques are tailored to a particular class of models. This distinction affects the applicability, 

advantages, and limitations of different methods. 

 

Model-agnostic techniques can be applied to any predictive model regardless of its architecture, thus supporting the 

interpretability of black-boxes. However, the explanations generated by such techniques are usually faithful only locally 
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and approximately. Examples include Local Interpretable Model-agnostic Explanations (LIME) and SHapley Additive 

exPlanations (SHAP). LIME fits an interpretable, local surrogate model around a prediction, while SHAP quantifies the 

contribution of each feature using Shapley values from cooperative game theory. 

 

Model-specific techniques, on the other hand, exploit the characteristics of a specific predictive model to generate global 

and faithful explanations. Such techniques are therefore better suited for safety-critical applications because they improve 

the understanding of the prediction mechanism. Nevertheless, they cannot be applied to any predictive model and must 

therefore be used in combination with model-agnostic techniques for black-boxes. Examples of model-specific 

techniques include Layer-wise Relevance Propagation (LRP), Concept Activation Vectors (CAV), and interpretation 

methods for decision tree ensembles. LRP propagates prediction scores backwards through the layers of a deep neural 

network, while CAV quantifies the influence of human-interpretable concepts on the predictions of deep models. Finally, 
tree ensemble models are intrinsically interpretable because their predictions can be expressed as a set of rules, but their 

individual predictions can still be interpreted using assignment-based feature influence. 

 

4.2. Temporal and Causal Reasoning in Diagnostics: Temporal reasoning informs the construction and processing of 

time-series data. Precise timestamps enable evaluations over non-uniform time-steps. When examining length-varying 

sequences, a padding strategy makes the input and output dimensions fixed. Causal connections are integral to 

diagnostics, as faults and warnings in a driven system follow the key application timeline. Temporal relationships 

determine failure modes progression and warrant safety failovers. Causal reasoning exposes temporal relationships 

through the lens of dependence. 

 

In predictive maintenance, temporal data analysis should account for dynamic relations within the data—specifically, the 

presence or absence of key indicators that enable failure identification—and, in particular, that operate in non-Markov 
decision processes relying on action selection and voting mechanisms. Markov networks on temporally-modeled data 

enable root-cause localization for any failure, while analogy-based fault localization draws from historical data, 

supporting the explainability prerequisite without requiring probabilistic, optimization, or control-model perspectives. 

 

 
 
4.3. Uncertainty Quantification and Confidence Estimation: Both aleatoric and epistemic uncertainty should be 

treated. Aleatoric uncertainty can stem from inherent stochasticity of the signal (e.g., ambient conditions influencing 

sensor measurements), while epistemic uncertainty can be associated with lack of enough and diversified data to cover 

fatigue characteristics on a given motor winding and the consequent need for extensive expert knowledge. Well calibrated 
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models are particularly important for forecast confidence quantification. Reliable quantification of uncertainty allows 

risk-oriented decision support, as higher confidence in a prediction increases readiness for intervention action. 

 

The definition of risk-aware thresholds is linked to risk consideration and fuzzy decision making, but it needs to be done 

carefully. In cases when a predicted degradation indicator reaching a level that is normally associated with warranty 

return, in which a failure has high probability within a short time period, a precaution message indicating that even the 

use of the vehicle in driving conditions related to a given battery’s dispatching or use profile should be avoided would be 

critical for safety, even with remain time above the emergency margin. 

 

Equation 2: Dimensionality reduction via PCA — full derivation 

Let the data matrix be 𝑋 ∈ ℝ𝑛×𝑑  (n samples, d features). 

For each feature 𝑗: 
Mean: 

𝜇𝑗 =
1

𝑛
∑𝑋𝑖𝑗

𝑛

𝑖=1

 

Std dev: 

𝜎𝑗 = √
1

𝑛 − 1
∑(𝑋𝑖𝑗 − 𝜇𝑗)

2
𝑛

𝑖=1

 

Standardized data: 

𝑋𝑖𝑗
(𝑐) =

𝑋𝑖𝑗 − 𝜇𝑗
𝜎𝑗

 

𝑆 =
1

𝑛 − 1
(𝑋(𝑐))

⊤
𝑋(𝑐) ∈ ℝ𝑑×𝑑  

Solve: 

𝑆𝑣𝑘 = 𝜆𝑘𝑣𝑘 

 𝑣𝑘 = principal component direction (unit vector) 

 𝜆𝑘 = variance captured along 𝑣𝑘 

Sort 𝜆1 ≥ 𝜆2 ≥ ⋯ ≥ 𝜆𝑑. 

𝑟𝑘 =
𝜆𝑘

∑ 𝜆𝑗
𝑑
𝑗=1

 

Cumulative explained variance for first 𝐾 PCs: 

𝑅𝐾 =∑𝑟𝑘

𝐾

𝑘=1

 

Let 𝑉𝐾 = [𝑣1,… , 𝑣𝐾] ∈ ℝ𝑑×𝐾: 

𝑍 = 𝑋(𝑐)𝑉𝐾 ∈ ℝ𝑛×𝐾 
(One of the generated plots shows cumulative explained variance vs number of components.) 

 

V. APPLICATIONS IN ELECTRIC VEHICLE POWERTRAINS 

 

The core principles of explainable AI (XAI) can enhance predictive maintenance of electric vehicle powertrain 

components (such as batteries, motors, inverters, thermal units, and power distribution units) if appropriately adapted. In 

particular, the need for comprehensive, explanation-aware diagnostics that can convey anticipatory, actionable 

knowledge to users matches the objectives of XAI. These systems provide clear information about detection and 
predictive-model failures and can thus cover all four diagnostic functions that underpin the notion of intelligent, user-

friendly predictive maintenance. The ensuing analysis focuses chiefly on batteries, electric motors, and inverters because 

XAI techniques for other components well documented elsewhere. 

 

At present, battery management-system diagnostics mainly address the state of health, with a focus on physical 

degradation indicators, battery-impacting anomalies, XAI-based approaches capable of revealing the reasons behind 

abnormal cone shape in infrared thermography images of motor windings. Detecting abnormal temperature dynamics 

through real-time telemetric data of cooling units and using XAI mechanisms to furnish explanations for safety-critical 
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alerts about overheating constitute the main open challenges in thermal-management-system diagnostics. Table 5.1 

summarizes applications, use cases, and anticipated contributions of XAI-enabled explainable diagnostic models in EV 

powertrain subsystems. 

 

5.1. Battery Management System Diagnostics: Explainable AI-Driven Diagnostics for Predictive Maintenance in 

Electric Vehicle Powertrains 

 

Focus on state of health, degradation indicators, and anomaly detection with explanations. 

The battery pack in an electric vehicle (EV) is a complex system subject to diverse physical ageing mechanisms, which 

jointly lead to a gradual decrease in the battery state of health and to the emergence of dangerous failure modes. 

Explainable Artificial Intelligence (XAI) methods are well-suited to detect critical deviations from the pack’s normal 
behaviour. Investigating open-source battery datasets shows that monitoring auxiliary parameters of the Battery 

Management System—temperature, electrolyte level, and voltage balance—together with a measure of the degradation 

rate significantly improves the prediction of pack anomalies. Evidence from modelling and experimentation indicates 

that such additions help improve model performance and robustness, thus facilitating a more reliable deployment of 

predictive maintenance bids. 

 

The Battery Management System (BMS) supervises the cell balancing and thermal management of the battery pack, and 

estimates parameters such as the State of Charge (SoC) and the State of Health (SoH). Moreover, it detects and isolates 

degradation indicators associated with both slow ageing and sudden failures. Degradation indicators are usually the first 

factors considered by predictive maintenance strategies, since their reachability and interpretability make them 

particularly useful. In pure data-driven settings, however, auxiliary chemical and physical parameters—such as the 

maximum battery cell temperature, electrolyte concentration, level or loss—are often neglected. To determine which 
auxiliary parameters should be monitored together with key degradation indicators, an analysis based on an open-source 

battery dataset focused on model interpretability rather than model accuracy. 

 

 
 

Fig 3: Battery Management System for Electric Vehicles (BMS) 

 

5.2. Electric Motor and Inverter Diagnostics: Windings, thermal, efficiency, and fault-localization diagnostics in EV 

powertrains are mapped to explainability. Two interrelated sources of faults affect the motor: induction in the rotor due 

to the stator displacement, fault in phases of the stator windings, and thermal overload. The first induces a transient 

rotation of the rotor, which may travel or damage the rotor cage. The second leads to electrical imbalance, rotor heating, 

rapid decrease in performance, or, at worst, rotor seizure. Faults in the inverter comprise power module and driver 
malfunctions, short-circuit, and radiator blockage. Explaining predictions of the aforementioned sources and their 

sequelae furthers the goal of comprehensible alerting. 

 

Windings and thermal faults are detected using indicators of the stator-phase temperature and voltage, with the first fed 

into a binary classifier capable of alerting overheating. Reflected in phase currents and temperatures, partial shorts and 

disconnections are monitored by an anomaly-detection model built upon a three-stage-configuration architecture inspired 

by CNN. The last stage extracts a temporal representation of phase-current patterns, including the imbalance signature, 

cycles, and harmonics. Thermal scent patterns are monitored through an LSTM classifier capable of inferring overheating 

from the first three convolution stages, to which the imbalance detection is added as a supervised feature. Inductor-
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management acknowledgement, key to fault localization and risk mitigation, merges information-flux influence 

diagrams, firing-state fingerprints, and simulated-hardware audible lists. The unit’s operation is tested by a dataset 

composed of natural driving sequences and synthetic windings-circuit marcas. 

 

5.3. Thermal Management Diagnostics: In the thermal management system of electric vehicles, sensors measure 

critical temperatures that ensure onboard systems, such as battery packs and power electronics, operate within safe ranges. 

Performance issues can threaten passenger safety, with inadequate temperatures causing reduced battery capacity, while 

excessive temperatures can trigger thermal runaway. The detection of such thermal anomalies presents a pressing 

machine learning challenge, as the system must ensure comfort while detecting rare but catastrophic events. Further risk 

arises from diminished cooling capacity, making maintenance checks essential at regular intervals. The rate of cooling is 

also monitored, with unusually high discharge rates on charged cells predicting upcoming failures. 
 

Improper temperature dynamics or a fault in the cooling system can precipitate severe malfunctions. Addressing a dataset 

of potential anomalies, the explanation-enabled approach uses SHAP values to assign degrees of responsibility for a 

detected problem to all involved variables for the first time. The resulting interpretability features a unified methodology, 

treating every possible anomaly in the same way as a principal fault, with involved variables acting as explaining evidence 

of a detected occurrence. An alert indicates the need for attention, backed by a set of factors, some more consequential 

than others, contributing to the problem's presence. 

 

VI. CASE STUDIES AND EMPIRICAL FINDINGS 

 

Three-dimensional (3D) printed parts are starting to gain acceptance in various sectors of industry due to their cost and 

time savings. It is increasingly possible to manufacture functional parts, especially, prototypes, low-cost series parts and 
custom parts. However, some issues need to be solved before the parts can be incorporated into critical applications. 

These concerns are being addressed gradually by scientists and the industry. The main concerns are: adequate working 

performance for the application, suitability for the working environment and fast, reliable manufacturing at an economical 

cost. In the present work, test samples were manufactured with polyamide materials using SLS technology and printed 

at different positions. Most test results were within the normal range for PA and the results qualified the material for the 

high-velocity impact test. 

 

There is increasing interest in food security around the world. Food systems are being altered to improve production. 

However, economic growth is putting pressure on land and water resources that are vital for food production. Information 

and Communication Technologies (ICT) based solutions have made a significant impact on the social and economic well-

being of the world. ICT has also shown its potential in agriculture and has slowly made an entry in the area. ICT 
applications in agriculture are at different stages of development across regions. Some countries have even started using 

advanced technologies for food production. 

 

6.1. Benchmark Datasets and Experimental Setups: Aiming to validate the proposed architectures and methods, the 

experiments depend on benchmark datasets and well-structured setups. The analysis of batteries is performed on the State 

of Health dataset, widely used for the Predictive Maintenance Challenge. Adequate training–validation–test partitions 

are defined, including care for class distribution and internal noise. The Motor-Cooling dataset addresses the thermal 

management system. Care is exercised in definition of test partitioning, given the empirical collection across different 

operating conditions. Finally, the study of condition monitoring for the electric motor includes telematics data from a 

full-electric vehicle fleet. To support explainable diagnostics, a transient fault-testing strategy is adopted at the modeling 

stage. 

 
Batteries play a critical role in many Electric Vehicles (EVs) since their failure leads to a loss of power and range. 

Accurate battery Fault Detection and Isolation and Remaining Useful Life predictions can reduce repair costs and 

maintenance time. In the Predictive Maintenance Challenge hosted on Kaggle in 2019, a custom dataset on the prediction 

of the State of Health and Remaining Useful Life of Lithium-Ion batteries was made available. 

 

6.2. Comparative Analyses of Explainable Models: Analyses with performance degradation serve to evaluate the trade-

off in safety-critical systems. Unlike other contexts, where explainability sometimes decreases prediction quality, 

superior performance may not be desired when a distinction is made between failing and non-failing instances. For 

instance, in windings condition assessment predictive models, better operating ranges—either lower or upper capacity 

operating ranges, separated through average power losses or state of health prediction errors—are the consequent of a 
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higher reflectance but lower spectral range for the excitation. When considering full failure conditions, a suitable model 

determines the position in the classification map. The use of shapelet libraries can improve performance. Regarding 

classification of TPMS failure modes, shorter inspections with frequent acquisition of possibly partially labelled data 

enable risk-free maintenance decisions at a lower cost. Use of auxiliary models does not represent an overhead. 

Additionally, graphical explanations located at the last layers of a deep neural network provide a physics-based 

interpretation of the model while serving as post-hoc filter of potentially dangerous behaviours. 

 

Closing the gap between operational data acquisition and maintenance decision-making is of utmost importance and 

enables benefits for BMS and TMS diagnostics systems. Designs that combine diagnostic and decision-support systems 

ensure safety while considering the business-driven perspective of maintenance costs and other decisions. Risk-aware 

critical conditions classified with ML are also valuable. Nevertheless, illustrating models and communicating uncertainty 
to the user remain key elements of successful industry adoption. 

 

Equation 3: LIME and SHAP — full derivations (as referenced) 

Let: 

 𝑓 = black-box model 

 𝑔 ∈ 𝐺 = interpretable surrogate (e.g., sparse linear) 

 𝜋𝑥(⋅) = locality weighting around point 𝑥 

 𝛺(𝑔) = complexity penalty (encourages interpretability) 

LIME chooses: 

𝑔∗ = argmin
𝑔∈𝐺

 ℒ(𝑓, 𝑔, 𝜋𝑥) + 𝛺(𝑔) 

Where a common squared-loss form is: 

ℒ(𝑓, 𝑔, 𝜋𝑥) =∑𝜋𝑥

𝑚

𝑖=1

(𝑥𝑖) (𝑓(𝑥𝑖) − 𝑔(𝑥𝑖))
2 

Step-by-step meaning 

Generate perturbed samples 𝑥1, … , 𝑥𝑚 near 𝑥. 

Weight them by closeness to 𝑥 using 𝜋𝑥(𝑥𝑖). 
Fit an interpretable 𝑔 that matches 𝑓 locally. 

Penalize complexity so 𝑔 stays simple. 

Let there be 𝑀 features (players). For feature 𝑖, SHAP value: 

𝜙𝑖 = ∑
|𝑆|! (𝑀 − |𝑆| − 1)!

𝑀!
𝑆⊆𝑁\{𝑖}

 [𝑓(𝑆 ∪ {𝑖}) − 𝑓(𝑆)] 

Step-by-step meaning 

Consider all subsets 𝑆 of features not including 𝑖. 
Compute marginal contribution: 𝑓(𝑆 ∪ {𝑖}) − 𝑓(𝑆). 
Weight each subset by the Shapley combinatorial factor. 

Sum to get fair attribution 𝜙𝑖. 

(Generated bar diagram: feature attribution magnitudes — SHAP-style illustration.) 

 

6.3. Practical Insights for Industry Adoption: Considerations for industry adoption of explainable AIdiagnostics 

recognize that most companies and many research labs are developing stand-alone solutions targeted at specific faults in 

their respective domains instead of universal, integrated systems. Even in such isolated contexts, the diagnostics need to 

explain and justify the predicted faults and anomalies to the operators. Adoption in production vehicles typically requires 

satisfying stringent validation procedures, during which the companies are expected to demonstrate that the predicted 

faults/es and suggested preventive/corrective actions are accurate. Subsequently, end users expect the solutions to be 

simple to employ in terms of computational cost, stop time, consumables, and hardware while offering a fast return on 
investment. However, achieving opaqueness in machine learning (ML)-driven diagnostics remains a challenge, especially 

for applications in safety-critical systems. 

 

To address the aforementioned challenges, the explainable AI (XAI)-driven decomposition of the diagnostics system 

offers a systematic approach that focuses on one subsystem at a time. Safety-critical components like battery management 

system (BMS) and thermal systems should be prioritized, encompassing anomaly-detection-based models whose 

decisions can be inferred from the triggered alarms of other diagnostics models. Ensuring the interpretability of the 

http://www.ijrai.com/
mailto:editor@ijrai.com


International Research Journal of Innovative Engineering (IRJIE)       
                           | ISSN: 2395-0560 | www.irjie.org |editor@irjie.org| A Bimonthly, Peer-Reviewed, Scholarly Journal| 

    |Volume 10, Issue 4, July- August 2026| 

     DOI:10.15680/IRJIE.2026.1004006 

Copyright © IRJIE                                                           | An ISO 9001:2015 Certified Journal |                                             19321 

 

     

anomaly-detectors is crucial to establishing trust in their diagnoses. Subsequently, the remaining models can be developed 

irrespective of latency and other operational constraints. Nonetheless, one must vigilantly analyze the achieved 

opaqueness for every subsystem because complex ML-based models have been shown to produce misleadingly high 

opaqueness scores. 

 

VII. CHALLENGES, RISKS, AND MITIGATION STRATEGIES 

 

The successful deployment of explainable diagnostics systems in electric vehicle powertrains hinges on several 

challenging aspects, the resolution of which fosters technological maturation and mitigates related risks. As in any AI-

powered solution, data remain the most critical element for the training and validation phases. Incomplete or noisy records 

hinder generalization capabilities and foster incorrect predictions. Furthermore, models trained on subsets of the potential 
operating space may yield unreliable results when deployed outside the supported conditions. To optimize system 

performance, these factors need addressing either during operational data governance or at the training phase. 

 

The growth of EV powertrains poses additional requirements: the increase in operational temperature of batteries and 

other components that accelerates degradation processes and the inevitable temporal variation of all operating 

subsystems. The different levels of understanding of model predictions by manufacturers and by end users also vary the 

dynamic capability. Whereas manufacturers likely seek detailed models for full autonomous validation, fleet managers 

and car users may require prediction when warnings are shown, interpretability during warning and risk assessment, and 

no interpretability during normal operation. In particular, the ability to determine the explanation of model predictions in 

safety-critical tasks remains a mandatory aspect for regulatory approval. The complexity of the problem also increases 

given multiple use cases linking different responsible organizations involved in the daily operation of the assets, from 

OEM to fleet managers to end users. 

 

7.1. Data Quality and Labeling: Incomplete, noisy, and unlabelled data can severely limit the application of XAI 

techniques to the domains considered. For model training, testing, and validation, incompleteness, noise, and a lack of 

sound labelling are particularly problematic. The impact of these impediments can be mitigated, but not removed, with 

complementary models (e.g. the analysis of AH level or other proxy measures). Statistical methods can reduce the impact 

of labelling noise during training. Label-drifts, as well as insufficient data volume, are more critical, and pointing 

discussion to ongoing research and a soil data-governance strategy is key to successful mitigation. 

 

Essentially, data are needed to answer three questions: what happens during safe operation, what constitutes an anomaly 

or defect (and what are its consequences), and what corrective actions are available. These answers need to be provided 

for both normal operation and for altered operation, at a sufficient level of detail. Data acquired from field operation can 
detect fault-cases and anomalies that, although infrequent, should be handled carefully. However, without a 

comprehensive set of safety and risk-quantifying operating conditions, they cannot be addressed in detail within an 

operational context. A combination of complementary kinds of data may be necessary for development and testing, but 

it is important that the set of requirements is validated with the operation of real systems. 

 

 
 

Fig 4: Data-driven prediction of battery failure for electric vehicles 
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7.2. Model Explainability in Safety-Critical Contexts Assessing the explainability of diagnostic models is particularly 

critical in safety-critical application domains, where users may be unwilling to rely on the results of uninterpretable 

predictions, especially if they deviate from long-established operational habits. In addition, regulatory and certification 

bodies may refuse the adoption of such models, which, while possibly being statistically validated, may not fulfill other 

desiderata for responsible AI. Justifying actions based on the output of automated diagnostic systems requires not only 

satisfactory predictive performance, but also a reasonable level of trust in the model's decisions and the associated risks, 

and implementing appropriate level of risk quantification is a condition for increasing the statistical resilience of 

incidents. 

 

The design of explainability solutions should thus take into account the specific characteristics of the application and the 

targeted users, as well as the practical use of the explanations to support decision making. Some application scenarios 
may require enriching the diagnostic models with reliability information to account for predicted failure probabilities, 

whereas others may put higher emphasis on clarifying the reasons for a recommendation. To this end, adding axiomatic 

uncertainty quantification for aleatoric and epistemic uncertainty can be combined with model-agnostic methods to treat 

uncertainty in predictive maintenance diagnostics in a complete way by providing not only explanations for model 

predictions, but also the associated confidence levels. 

 

7.3. Computational Constraints and Real-Time Requirements: Modeling encapsulates complex dynamics, requiring 

substantial resources. AI—at its most successful—leveraging vast quantities of data becomes burdensome for onboard 

systems. In predictive maintenance, models employ sensors at all temporal resolutions, but maintenance is typically 

planned. Hence, longer-term demands and costs are less pronounced. Reactive diagnostics need not only explain faults 

but also function under real-time constraints, consuming time and resources. Recent years have seen increased treatment 

of these issues, particularly in safety-critical contexts. 
 

Transducers measuring fast dynamics produce time-series with frequencies limited by signal frequency, usually thermal 

sources. Predictive models on these variables learn dynamics at much slower time resolutions than the governing physical 

processes. Temporal reasoning with such signals is as simple as smoothing anomalies found on longer-term guidance 

signals. In such cases, evaluate models on the full data stream but reserve the lowest-frequency signals for guidance-

related conclusions and implications. For all but discrete or discrete-like classes, probability-density-conditional 

classification achieves near-instantaneous operation. 

 

VIII. CONCLUSION 

 

Explainable AI-Driven Diagnostics for Predictive Maintenance in Electric Vehicle Powertrains concluded by 
synthesizing findings and confirming contributions, with a proposal for future work on emerging trends. The analysis 

confirms that explainable AI constitutes a vital enabler of reliable predictive maintenance solutions for electric vehicle 

powertrains. An architecture for the design of explainable prediction and diagnosis systems at any hierarchical level of 

the powertrain is presented alongside three applications in the two integrated subsystems: the battery management system 

and the thermal management system. Within each subsystem, recent diagnostic methods for critical degradation and 

failure modes are surveyed under the prism of explainability. The problem-solution space is explored using case studies 

from the literature, including datasets from the Benchmarking Artificial Intelligence for Road Safety framework. 

 

These methods draw on different strategies to generate explanations and risk estimates. When applied to predictive 

models in the context of battery management systems, early warnings and indications of reasons for failure are key 

requirements for industry adoption. Similarly, fault localization is a critical issue in the diagnosis of electric motor and 

inverter systems. The time-varying nature of cooling system performance poses specific challenges for the diagnosis of 
the thermal management system. The combination of such emerging explainability-related needs with the urgency of 

addressing the road safety crisis forms the basis for the selection of high-potential RE-XAI techniques. The examination 

of tools under development or validation in novel usage contexts offers practical insights into the adoption of 

explainability in predictive maintenance. 

 

8.1. Emerging Trends: Emerging trends in predictive maintenance for electric vehicles point toward an expansion of 

XAI work beyond proof of concept and toward practical industry applications. Such applications will be accelerated by 

the implementation of data quality standards, the publication of adequate labeling datasets, and the modeling of temporal 

dependencies. The establishment of a benchmark dataset mirroring the underlying causes of battery fires in BEVs is also 

anticipated, enabling precise diagnostics to be implemented in safety-critical environments. Furthermore, the integration 
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of sensor- and telemetry-based failure-condition detection into operational decision-support systems is expected to 

provide notable cost reductions for end users. 

 

Beyond battery- and thermal-management systems, research is also expected to investigate XAI techniques in other EV 

powertrain subsystems. Such techniques can combine model interpretability, explainability, and uncertainty 

quantification to address the remaining challenge of safety-critical application in a hybrid manner. Finally, advances in 

data governance will allow the routine monitoring of data quality in real-world applications, potentially generating 

sufficient governance opportunities to support the development of self-calibrating models. 
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