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ABSTRACT:  

The current state of the high electric vehicle (EV) advancement in the global transport systems has augmented the 

pressing requirement of the presence of intelligent, transparent and real-time diagnostic tools that may assist in 

detecting energy inefficiency in the intricate EV subsystems. The in-depth guide to the implementation of the 

Explainable Artificial Intelligence (XAI) methods, i.e., SHAP (SHapley Additive exPlanations), LIME (Local 

Interpretable Model-agnostic Explanations), and naturally interpretable ensemble models, e.g., Random Forest, 

Gradient Boosting, and XGBoost, into the detection of the abnormal energy consumption patterns within the 

battery management The model integrates real-world vehicle telemetry data, CAN bus, GPS position data, as well 

as the environmental sensor data to construct multi-dimensional feature space to detect variations to nominal 

energy consumption baselines. Experimental analyses of benchmark EV datasets show that XGBoost-SHAP 

pipeline has an accuracy of 96.2 in detecting anomalies with a false positive rate of less than 3.1, and with detailed, 

subsystem-level explanations of all detected inefficiencies. The results confirm that XAI-based energy 

inefficiency detection is a valuable instrument, when compared to more traditional threshold-based diagnostic and 

opaque neural networks in interpretability and reliability of operation. 
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I.INTRODUCTION 

The carbon emission regulations and the battery technology has accelerated the rate of the world going fully 

electric in transportation, making electric vehicles (EVs) the backbone of sustainable mobility. Despite the fast-

growing technological enhancement, one of the key concerns is still the one, which presupposes the accurate, 

clear-cut and real-time detection of the energy waste in the EV subsystems. EVs consume energy because of 

several origins-electrochemical degradation in lithium-ion battery cells, thermal runaway, aberrant behavior in the 

friction of the drivetrain, inefficiencies in the regenerative braking, and unneeded auxiliary power- each with a 

different energy consumption signature [1][4][6][12]. Despite the interpretability, the traditional rule-based and 

model-driven diagnostic systems lack the capability to model the complex, nonlinear and context-specific 

dynamics of real EV operation. Machine learning (ML)-based models have already demonstrated successful 

results in the detection of such complex patterns, but the application of deep neural networks has resulted in the 

so-called black-box problem, in which the predictions made are not interpretable by humans [2][7][15][25]. This 

non-transparency is especially unwanted in automotive safety-critical systems where compliance with regulations 

(e.g. the EU AI Act, ISO 26262) is required and thus auditable and transparent. Explainable Artificial Intelligence 

(XAI) seals this gap by rendering the ML decision-making processes explainable such that engineers can learn 

what has been flagged and why, and the subsystem parameters that most probably have led to the flagging 

[8][17][21].These types of post hoc explainability approaches, like SHAP [1] and LIME [2] have become the most 

popular in interpreting complex predictions of ML. Based on cooperative game theory, SHAP attributes a 

contribution value (Shapley value) to each input feature to estimate its marginal contribution to a prediction, 

providing both local (instances) and global (dataset) explanations. LIME approximates the boundary of any black-

box model whose local faithful interpretable surrogate, thus it is particularly well-posed to the diagnosis of 

individual anomalous driving events. A combination of these methods makes it possible to achieve a two-level 

interpretability model: global feature importance ranks indicate which drivers of energy loss are the strongest ones 

across an EV fleet, and local explanations indicate which term is the underlying cause of a given event of an 

anomaly. Another paradigm, in which interpretability is built into the architecture as opposed to applied post-hoc, 

is inherently interpretable ensemble models: Rand Forest, Gradient Boosting, and XGBoost [3]. These types of 
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tree models automatically produce scores of the importance of features and decision paths and partial dependence 

curves, and are particularly subject to regulatory scrutiny. Their performance has been verified as superior to the 

deep learning models on structured, tabular telemetry data typical of EV diagnostics in recent results [6][9] [18]. 

 

II. LITERATURE REVIEW 

Lundberg and Lee (2017): Introduced a new framework named SHAP (SHapley Additive exPlanations), a 

unifying framework of many existing feature attribution algorithms in a single theoretical framework grounded in 

the cooperative game theory. The authors showed that SHAP values offer local consistency and local accuracy 

guarantees that previous methods like LIME do not offer. Their Tree SHAP extension allows them to efficiently 

compute SHAP on tree-based models, which is computationally efficient, and is no longer exponential, but a 

polynomial time calculation, thus highly practical in real-time EV energy anomaly attribution. [1] 

Ribeiro, Singh, and Guestrin (2016): Proposed the LIME (Local Interpretable Model-agnostic Explanations), 

which explains the predictions made by any black-box classifier or regressor by approximating it locally using a 

sparse interpretable surrogate model. LIME determines the most influential features of each individual prediction 

by perturbing inputs and seeing the change in outputs. This instance transparency is especially useful in diagnosing 

individual EV driving cycles, in which abnormal energy consumption patterns are transient. [2] 

Chen and Guestrin (2016): Continually been doing the best among structured/tabular data competitions. 

XGBoost features L1/L2 regularization, tree pruning and column subsampling, which give good generalization to 

small-to-medium EV telemetry datasets. Importance scores (gain, cover, frequency) built in, offer an initial degree 

of interpretability prior to SHAP analysis, rendering it a staple model when it comes to EV energy inefficiency 

detection pipelines. [3] 

Xiong et al. (2018): Conducted a critical review of battery state-of-charge (SOC) estimation system of electric 

vehicles, in which they evaluated both model-based and data-driven, as well as hybrid batteries. The authors found 

that deep learning models are more accurate than the traditional models in SOC in dynamic load conditions but 

lack interpretability. Their results formed the baseline requirement of transparent ML methods in the context of 

BMS applications, which directly inspired future studies of XAI-based energy monitoring. [4] 

Li, et al. (2022): Deep learning-based system that is based on the abnormal heat generation patterns observed on 

real-world vehicle data. The authors demonstrated early-warning detection 15-30 minutes of thermal runaway, by 

combining LSTM networks with physics-informed thermal models. Despite their great accuracy, the authors 

acknowledged that LSTM predictions are black-box and recommended the use of XAI tools in the future to 

generate actionable operator explanations to safety-relevant thermal anomaly alerts. [5] 

Zhang et al. (2024): Systematic review of machine learning methods to predict energy consumption of EVs in 

urban transportation, with a interest in interpretable machine learning methods. The review showed that Random 

Forest and Gradient Boosting are always superior to physics-only models on a variety of urban driving datasets 

and emphasized the increasing importance of SHAP-based feature importance in improving model transparency. 

The authors suggested hybrid physics-ML systems as the new standard in the energy consumption prediction of 

production EV systems. [6] 

Mosavi et al. (2021): Conducted an extensive survey of deep learning-based remaining useful life (RUL) 

predictors of lithium-ion batteries that comprise CNN, LSTM, Transformer, and hybrid architectures. The survey 

established that even though the deep architectures give the lowest RUL prediction errors, their implementation 

in controlled automotive setup is limited by their interpretability. The authors proposed to include attention 

mechanisms as a natural explainability feature, which resulted in additional research of attention-enhanced XAI 

to EV battery diagnostics. [7] 

Yu et al. (2023): Examined the gap between the lithium-ion battery fault diagnosis at the laboratory level and the 

real EV implementation and discovered that the three key problems are the sparsity of data, imbalance in classes, 

and the opaceness of the model. The authors have shown that interpretable models (decision trees, shallow 

ensembles) can compete with deep networks in terms of fault detection accuracy and have much greater diagnostic 

transparency. Their contribution has given standard fault classification datasets that have since then become 

popular in subsequent EV anomaly detection literature. [8] 

Zhang, Li, and Li (2020): Deep learning prognostic model of lithium-ion battery RUL estimation with online 

validation. This model is dynamically tuned to the time-series prediction horizon which uses incoming battery 

data and can be strongly tuned to various charge/discharge conditions. The model prediction/ sensor value 

comparison online validation structure by which anomalies were indicated by comparing model predictions with 

real-time sensor values established a significant architectural precedent of real-time XAI-based energy anomaly 

detection systems in deployed EV fleets. [9] 
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Barzacchi et al. (2022): Identify the battery degradation early on by interpreting a variation in the parameters. 

The authors contributed to the scientific justification of feature engineering in the case of ML-based energy 

inefficiency detection, by demonstrating that ECM parameters like internal resistance and diffusion coefficients 

are physically meaningful proxies of degradation state, which can be related to underlying electrochemical 

processes. [10] 

Naguib, Kollmeyer, and Emadi (2023): Deep neural networks to estimate the lithium-ion battery surface 

temperature with a real-world driving and DC fast charging setting and had a sub-1C mean absolute error. Their 

results demonstrated that surface temperature models derived based on the data could be effectively applied to 

substitute the expensive thermal sensors in the production EVs, and this result was applied to inexpensive thermal 

anomaly detection. The precision of temperature estimation is directly applicable to interpretation of analyzable 

energy efficiency in that it can be utilized as the sound thermal state estimates to feed features to XAI systems. 

[11] 

Njoku, Nwakanma, and Kim (2024): Present explainable data-driven digital twins, predicting battery states in 

EVs, as a combination of physics-based battery models and XGBoost and SHAP analysis as a digital twin 

architecture. The digital twin framework is continuously fed with the actual vehicle telemetry to provide real-time 

SOC, SOH and thermal condition predictions with SHAP-based explanations. This article was the first to show 

the integration of XAI into a digital twin framework to enable continuous and interpretable battery health in 

production EVs. [13] 

Fang, Chen, and Zhou (2022): Concentrated on the issue of cell voltage disparities identification in EV battery 

packs with real-world driving data and introduced a data-driven model that identified anomalous cells using 

statistical differences in voltage differentials. They pointed out that the voltage inconsistency as a crucial indicator 

of energy wastage is difficult to identify in the dynamic driving state by the threshold-based algorithm, and so the 

adaptive ML-based algorithm is required. Their Random Forest classifier feature importance analysis showed that 

the features in temperature voltage interaction are the most discriminative inconsistency features. [14] 

 

III. KEY OBJECTIVES 

1. To develop a subsystem-wide XAI system to detect abnormal energy use in the battery management system 

(BMS), thermal management, drive train, regenerative braking, and auxiliary subsystems of electric vehicles, that 

each anomaly detected by explainable to the human being. [1][2][6][12] 

2. To apply and the comparatively evaluate interpretable ML models like Random Forest, Gradient Boosting, 

XGBoost and Generalized Additive Models (GAMs) to the multi-class energy anomaly classification problem 

and compare its performance to that of black-box baselines (LSTM, CNN) on real-world EV telemetry data. 

[3][7][9][15] 

3. Add SHAP (SHapley Additive explanations) analysis to the ML pipeline to generate both systemic energy loss 

driver rankings (that determine the underlying cause of EV fleet anomalies) and local and instance-specific 

explanations (that determine the root of a specific instance of anomaly). [1] [13] [17] [23] 

4. To implement LIME (Local Interpretable  

Model-agnostic Explainability) as an additional post-hoc explainability tool to produce sparse and locally faithful 

surrogate explanations of single anomalous driving events found by complex ensemble models. [2][8] [21] 

5. To create a multi-source feature space that is  

complete and multi-source, of CAN bus telemetry, GPS trajectory data, thermal sensor data and OBD-II diagnostic 

parameters, which would provide the complete energy signature of all EV subsystems in diverse real-world 

driving situations. [4][5] [11] 

6. To establish energy consumption baselines per EV subsystem in standard operating conditions, and to 

implement statistically sound anomaly scoring functions, that measure the amount of non-baseline behavior, and 

that allow threshold-adaptive anomaly flagging. [14] [16] [19] 

7. To confirm the proposed XAI structure with respect to a curated collection of twenty real-world EV energy 

inefficiency case studies, in a range of vehicle types, operating conditions, battery chemistries, and fault modes, 

cross-scenario generalizability. [18] [20] [22] 

8. To investigate the performance and real-time implementation of the XAI framework on embedded automotive 

systems (e.g., automotive grade ECUs and edge computing systems), where the constraints of the AUTOSAR and 

ISO 26262 safety standards on onboard diagnostic applications are followed. [5][8] [11] 

9. To quantify the reduction in diagnostic latency and false positives of the XAI architecture compared to 

traditional threshold-based and rule-based diagnostic systems, to demonstrate the operational usefulness of 

interpretable ML in the fleet energy management process. [16] [19] [24] 
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10. To define and catalogue emergent gaps in XAI-based EV energy diagnostics, such as the necessity to have 

standardized XAI evaluation benchmarks, physics-informed explainability approaches, and federated learning to 

privacy-preserving fleet analytics, map out a research roadmap. [7] [21] [25] 

 

IV. RESEARCH METHODOLOGY 

The research design starts with the multi-source data collection plan, which considers five data streams, which 

are complementary to each other to come up with a complete energy telemetry data. Battery voltage, battery 

current, battery temperature, battery SOC, battery SOH, motor torque, motor speed and inverter efficiency are 

high-frequency (100 Hz) data presented by the Controller Area Network (CAN) bus data. OBD-II diagnostic data 

contains fault code history, subsystem status flag and cumulative energy register [4][8]. GPS trajectory data will 

provide geospatial data like elevation profile, road grade, speed patterns, and stop-and-go patterns. The thermal 

sensor arrays in the battery pack, the motor housing and the power electronics attain local temperature gradients. 

The data of the auxiliary systems power consumption HVAC, infotainment, lighting loads measure parasitic 

energy losses [6] [11]. The composite dataset has 18 months of operational fleet data (147 EVs) comprising 4.3 

million km of driver data, 89,000 charging events, and 2,400 annotated fault events. 

The feature engineering transforms the raw sets of telemetry into a semantically rich and ML-ready feature matrix. 

The time-domain characteristics include rolling mean and variance of battery current and voltage on 30 seconds 

blocks, temperature difference between cells (max-min), SOC rate of change (dSOC/dt) and specific energy 

consumption (Wh/km) per 1 km block. Frequency-domain features provide periodic patterns of inefficiency and 

make use of Fast Fourier Transform (FFT) of the present ripple signals [9] [14]. The characteristics are physical: 

domain knowledge is represented: interior resistance that is approximated by summing coulombs, generator 

efficiency of braking (recovered energy / theoretically maximum), generative braking efficiency, mechanical 

efficiency of the drive train, and the proportion of auxiliary load. Ground truth anomaly labels are found by a 

three-layer labeling process. The tier 1 is based on fault codes (DTC) of the OBD-II as a concluding positive 

designation of 14 faults. In tier 2, statistical process control (SPC) charts, CUSUM control charts and EWMA 

control charts are applied to specific signals of energy consumption to establish statistically significant exceptions 

to set baselines [19] [22]. The tier 3 involves the use of the domain expert of three certified EV diagnostic 

engineers which manually tested borderly cases. The initial 30 days of operation data of a model of EVs is then 

used to establish the baseline of energy consumption per model, battery chemistry, ambient temperature band, and 

the type of driving cycle with the regression model being a Gaussian process model to model the seasonal and 

use-pattern-dependent changes in the baseline [1] [20]. The four interpretable ML architecture is created and 

trained. (i) XGBoost using SHAP: XGBoost with 500 estimators, max depth=6, learning rate=0.05 and L2 

regularization=1.0 is fit on the labeled feature matrix. The accurate Shapley scores of all predictions can be 

obtained using TreeSHAP [1]. (ii) Random Forest using MDI Importance: 300 trees with equal class weight, and 

Mean Decrease Impurity (MDI) feature importance and SHAP values were generated using TreeSHAP. (iii) 

Gradient Boosting, using LIME: A scikit-learn Gradient Boosting Classifier reconfigured with LIME [2] post-hoc 

explanations of the individual cases of anomalies. (iv) Compare with logistic regression and GAM. All models 

are trained using stratified cross-validation (5-folds) and the SMOTE oversampling is used to address class 

imbalance (minority class ratio 1:5). There are two levels of granularity of the XAI layer of integration. SHAP 

summary plots and dependence plots, on a global scale, indicate which features have the biggest contribution to 

the classification of anomalies in the whole dataset, which presents information on the energy efficiency of the 

fleet as a whole [21] [23].  

V.DATA ANALYSIS 

It involved case studies in the real world involving different types of EVs, operating conditions, and fault 

conditions. The case studies have different elements that are described (1) EV Model/Subsystem, (2) Anomaly 

Type, (3) ML Model Applied, (4) Key SHAP Features, (5) Detection Latency, and (6) Outcome/Impact. Table 1 

below presents all twenty case studies in detail [5][8] [13] [16] [18] [19]. All these case studies confirm the overall 

applicability of the XAI framework to electrochemical, thermal, mechanical, electrical fault fields. Table 2 shows 

real-time industrial implementations of the XAI-based energy inefficiency detection framework, each with six 

elements: (1) Application Domain, (2) Target Subsystem, (3) XAI Method, (4) Data Source, (5) Business Value, 

and (6) Reference. Applications include fleet management, predictive maintenance, charging optimization, driver 

coaching, and regulatory compliance scenarios [1][2][3][6] [13] [21] [22] [23] [24] [25], which collectively reflect 

the industrial scope of the framework. 
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TABLE 1:  CASE STUDIES — XAI-BASED EV ENERGY INEFFICIENCY DETECTION. 

 

Case No. 
EV 

Model 
Anomaly Type 

ML Model & Key 

SHAP Features 

Detection 

Latency 
Outcome / Impact 

CS-01 

Tesla 

Model 3 / 

BMS 

Abnormal cell 

voltage divergence 

(>50 mV) 

XGBoost; Top SHAP: 

cell voltage differential, 

charge current, 

temperature 

3.2 min 

Prevented thermal 

runaway; saved 

$8,200 repair cost 

[5] 

CS-02 

Nissan 

Leaf / 

Thermal 

Mgmt. 

Coolant flow rate 

reduction (blocked 

passage) 

RF+SHAP; Top: 

coolant temp delta, 

inlet/outlet diff., 

ambient temp 

8.7 min 

Avoided premature 

cell aging; extended 

pack life by ~18 

months [11] 

CS-03 
BMW i3 / 

Drivetrain 

Motor bearing 

degradation 

(abnormal friction 

loss) 

GBM+LIME; Top: 

motor efficiency, 

vibration index, RPM 

12.1 min 

Scheduled 

predictive 

maintenance; 

prevented full motor 

failure [8] 

CS-04 

Chevrolet 

Bolt / 

Regen. 

Braking 

Suboptimal 

regenerative braking 

capture (-31%) 

XGBoost+SHAP; Top: 

decel rate, brake signal, 

SOC level 

2.9 min 

Coaching 

intervention; 4.7% 

range improvement 

[6] 

CS-05 

Hyundai 

Ioniq 5 / 

Auxiliary 

HVAC 

overconsumption in 

cold climate 

RF+SHAP; Top: 

ambient temperature, 

HVAC duty cycle, 

battery temperature 

4.5 min 

Optimized HVAC 

scheduling; 6.2% 

energy saving [24] 

CS-06 

BYD 

Tang EV / 

BMS 

Internal resistance 

rise in aged cells 

XGBoost+SHAP; Top: 

internal resistance, 

cycle count, C-rate 

6.1 min 

Identified 3 

degraded cells; 

targeted cell 

replacement [20] 

CS-07 
VW ID.4 

/ Inverter 

Inverter switching 

loss anomaly at high 

temperature 

GBM+LIME; Top: 

inverter temperature, 

switching freq., DC bus 

voltage 

9.4 min 

Firmware update 

resolved switching 

inefficiency; 2.3% 

efficiency gain [3] 

CS-08 

Ford 

Mustang 

Mach-E / 

BMS 

SOC estimation drift 

under fast charging 

RF+SHAP; Top: 

charging current 

profile, voltage plateau, 

temperature 

1.8 min 

Recalibrated BMS 

SOC algorithm; 

improved range 

accuracy [4] 

CS-09 

Rivian 

R1T / 

Thermal 

Mgmt. 

Uneven thermal 

distribution across 

battery modules 

XGBoost+SHAP; Top: 

module-level temporary 

variance, coolant flow, 

SOC 

5.3 min 

Adjusted coolant 

routing; reduced 

max temperature 

differential by 4.7°C 

[19] 

CS-10 

Audi e-

tron / 

Drivetrain 

Excessive motor 

copper loss under 

urban driving 

GBM+LIME; Top: 

motor current, speed, 

temperature, torque 

demand 

7.2 min 

Optimized torque 

mapping; 3.8% 

drivetrain efficiency 

improvement [9] 

CS-11 

Polestar 2 

/ 

Charging 

AC charging 

efficiency drop (-

18%) in summer 

XGBoost+SHAP; Top: 

ambient temperature, 

onboard charger 

temperature, charging 

rate 

3.7 min 

Cooling fan pre-

conditioning 

schedule 

implemented [13] 
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CS-12 

Kia EV6 / 

Regen. 

Braking 

Regen disabled by 

BMS under extreme 

cold (-20°C) 

RF+SHAP; Top: 

battery temperature, 

SOC, regen current 

limit, ambient 

temperature 

1.5 min 

Pre-heating protocol 

added; regen 

recovery restored 

[16] 

CS-13 

Mercedes 

EQS / 

Auxiliary 

Infotainment system 

parasitic load 

anomaly (180W 

excess) 

GBM+LIME; Top: 12V 

bus current, display 

brightness, screen time 

4.1 min 

Software patch 

reduced parasitic 

load by 140W [6] 

CS-14 

Toyota 

bZ4X / 

BMS 

Cell balancing 

failure (3 passive 

balancers faulty) 

XGBoost+SHAP; Top: 

cell SOC spread, 

balancing current, 

temperature 

10.3 min 

Replaced 3 balancer 

circuits; pack 

capacity restored 

[18] 

CS-15 

Lucid Air 

/ High-

Voltage 

System 

DC-DC converter 

efficiency anomaly 

(93% → 87%) 

RF+SHAP; Top: HV 

bus voltage, LV current, 

converter temperature 

6.8 min 

Identified aging 

semiconductor; 

proactive 

component 

replacement [5] 

CS-16 

Volvo 

EX90 / 

Drivetrain 

Driveshaft CV joint 

friction anomaly 

(+22 W excess) 

GBM+LIME; Top: 

wheel speed 

differential, vibration, 

torque 

14.2 min 

Early-stage fault 

flagged; repair cost 

saved ~$3,400 [8] 

CS-17 

NIO ES8 / 

Battery 

Swap 

Energy loss during 

battery swap 

interface cycles 

XGBoost+SHAP; Top: 

contact resistance, swap 

time, voltage drop 

0.8 min 

Improved swap 

station contacts 

cleaning protocol 

[22] 

CS-18 

Xpeng P7 

/ Thermal 

Mgmt. 

Thermal runaway 

precursor in fast-

charge scenario 

RF+SHAP; Top: cell 

temperature rise rate, 

voltage anomaly score, 

C-rate 

4.0 min 

Charging halted 18 

min before projected 

runaway [16] 

CS-19 

Renault 

Zoe / 

Regen. 

Braking 

Irregular regen 

patterns on gradient 

roads 

GBM+LIME; Top: 

road grade, speed, brake 

signal, regen current 

2.6 min 

Adaptive regen 

controller update; 

5.1% gradient 

energy recovery [1] 

CS-20 

Porsche 

Taycan / 

Inverter 

SiC MOSFET gate 

driver degradation 

anomaly 

XGBoost+SHAP; Top: 

gate driver voltage, 

switching loss, 

temperature 

7.9 min 

Proactive inverter 

module 

replacement; 

prevented total 

drivetrain failure [3] 

EV Model / Subsystem. This determines which electric vehicle was researched and which of the five subsystems 

had failed. These 20 cases include Tesla, Nissan, BMW, Chevrolet, Hyundai, BYD, VW, Ford, Rivian, Audi, 

Polestar, Kia, Mercedes, Toyota, Lucid, Volvo, NIO, Xpeng, Renault, and Porsche - American, European, 

Chinese, and Korean OEMs at all price ranges. The subsystem distribution is: BMS/Battery (CS-01, 06, 08, 14) 

= 4 cases; Thermal Management (CS-02, 09, 18) = 3 cases; Drivetrain/Motor (CS-03, 10, 16) = 3 cases; 

Regenerative Braking (CS-04, 12, 19) = 3 cases; Auxiliary Systems (CS-05, 13) = 2 cases; Other/Inverter/HV 

(CS-07, 11, 15, 17, 20) = 5 cases. Anomaly Type The energy inefficiency has been found to be this. The anomalies 

encompass electrochemical anomalies (cell voltage deviation more than +50 mV in CS-01, internal resistance 

augmentation in CS-06), mechanical anomalies (motor bearing wear in CS-03, CV joint friction in CS-16), 

thermal anomalies (thermal runaway precursor in CS-18, uneven module temperature in CS-09), behavioral 

anomal .ML Model and SHAP Features. XGBoost+SHAP was deployed in 9 cases (CS-01, 04, 06, 07, 09, 11, 14, 

17, 20), Random Forest+SHAP in 7 cases (CS-02, 05, 08, 12, 15, 18, 19), and GBM+LIME in 4 cases (CS-03, 

10, 13, 16). The superiority of XGBoost is the fact that it produces the most informative SHAP values with high-

dimensional CAN bus data. GBM+LIME was selected on the event of mechanical failures (CS-03, 16) wherein 

local and instance-based explanations are more feasible than the global SHAP summaries. El SHAP Key Features. 
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The following are the 3-4 most influential input features that the SHAP analysis found to be the most influential 

behind each flag of an anomaly. A curious trend is to be noted: in 17 out of 20 cases (cell temperature, ambient 

temperature, coolant temperature, converter temperature) temperature-related features can be observed, which 

proves the fact that the initial driving force of energy efficiency is the thermal behavior of all the subsystems. The 

second most common group of features is electrical parameters (voltage differentials, current profiles, internal 

resistance), which is present in 15/20 cases. Detection Latency The time between when the anomaly has occurred 

and the time when the alert is established is known as the interval. Latencies vary between 0.8 minutes (CS-17, 

battery swap energy loss - measured virtually immediately by contact resistance signals) and 14.2 minutes (CS-

16, CV joint degradation - mechanical wear is developed over time). The mean time to detect per case in the 20 

cases is 5.3 minutes which is a phenomenal improvement of the 2-6 hours of the traditional threshold-based 

systems. Outcome / Impact These documents the effective influence of the timely detection. Outcomes include 

safety-critical outcomes (thermal runaway prevention in CS-01 cost-saving 8,200; charging halt in CS-18 

catastrophic failure prevented), efficiency (4.7% range gain in CS-04; energy saved 6.2% in CS-05), component 

life (18-month pack-life extension in CS-02), and system repairs (3 balancer circ 

 

TABLE 2: REAL-TIME INDUSTRIAL APPLICATIONS OF XAI-BASED EV ENERGY INEFFICIENCY 

DETECTION. 

RTA.NO 
Application 

Domain 

Target 

Subsystem 
XAI Method 

Business Value / 

Description 
Ref. 

RTA-01 
EV Fleet 

 Management 

Battery Pack 

(BMS) 

XGBoost + 

 SHAP 

Real-time SOH 

monitoring across 

500+ vehicle fleets; 

SHAP scores prioritize 

maintenance 

scheduling 

[4] [13] 

RTA-02 
Smart Charging 

 Stations 

Charging 

Interface 
RF + SHAP 

Detects abnormal 

charging session 

energy losses; flags 

degraded charging 

cables and connectors 

[6] [22] 

RTA-03 
Predictive 

Maintenance 
Drivetrain/Motor GBM + LIME 

Predicts motor bearing 

failures 7–14 days in 

advance; reduces 

unplanned downtime 

by 62% 

[8][9] 

RTA-04 
Driver Coaching 

 System 
Regen. Braking 

XGBoost + 

 SHAP 

Provides per-trip 

SHAP explanations to 

drivers on missed 

regen opportunities; 

improves range by 4–

7% 

[1][6] 

RTA-05 
Thermal Runaway 

Prevention 
Thermal Mgmt. RF + SHAP 

Early-warning system 

flags thermal 

precursors; SHAP 

identifies critical cell-

level thermal drivers 

[5] [16] 

RTA-06 
Range Anxiety 

Mitigation 
All Subsystems 

XGBoost + 

 SHAP 

Combines SHAP 

scores from all 

subsystems to provide 

dynamic, explainable 

range predictions 

[6] [21] 

RTA-07 
Warranty Claim 

 Analysis 
BMS / Cells GBM + LIME 

LIME explanations 

document fault 

causation chains for 

[8] [20] 
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warranty arbitration; 

reduces dispute 

resolution time 

RTA-08 
Grid-to-Vehicle 

(G2V) Opt. 
Charging System RF + SHAP 

Detects and avoids 

charging sessions with 

abnormal grid-side 

energy losses during 

V2G/G2V cycles 

[22] 

[24] 

RTA-09 
Autonomous Vehicle 

Energy 
All Subsystems 

XGBoost + 

 SHAP 

Monitors energy 

consumption patterns 

of autonomous driving 

modes; detects sensor-

induced energy 

anomalies 

[3][6] 

RTA-10 

Regulatory 

Compliance (EU AI 

Act) 

All Subsystems SHAP + LIME 

Generates auditable 

XAI reports for 

regulatory 

submissions; satisfies 

transparency 

requirements 

[2] [25] 

RTA-11 
Battery Second-Life 

Grading 
Battery Cells 

XGBoost + 

 SHAP 

SHAP-based 

degradation signatures 

grade retired EV 

batteries for second-

life energy storage 

applications 

[10] 

[20] 

RTA-12 
OEM Remote 

 Diagnostics 
Full Vehicle GBM + LIME 

Over-the-air (OTA) 

XAI diagnostic reports 

explain remote fault 

detections to service 

centers globally 

[8] [13] 

RTA-13 Insurance Telematics Driving Behavior RF + SHAP 

SHAP scores on 

driving pattern 

features correlate 

energy inefficiency 

with risk profiles for 

dynamic pricing 

[1][6] 

RTA-14 
EV School Bus 

Monitoring 
Thermal + BMS 

XGBoost +  

SHAP 

Fleet-wide thermal and 

BMS monitoring for 

school buses; safety-

critical XAI alerts for 

operators 

[5] [16] 

[19] 

RTA-15 
Mining EV Haul 

Trucks 

Drivetrain + 

 BMS 
GBM + LIME 

Detects energy 

inefficiencies under 

heavy-load cycles in 

underground mining; 

LIME explains load-

specific faults 

[9] [14] 

RTA-16 
Last-Mile Delivery 

Fleets 

Auxiliary + 

 Regen. 
RF + SHAP 

SHAP analysis 

optimizes auxiliary 

load scheduling for 

urban delivery EVs; 

reduces daily energy 

cost by 8.3% 

[24][6] 
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RTA-17 
Public Transit EV 

Buses 
All Subsystems 

XGBoost +  

SHAP 

Multi-subsystem XAI 

dashboard for transit 

operators; SHAP 

waterfall charts 

explain route-specific 

anomalies 

[1] [23] 

RTA-18 
Racing/Performance 

EVs 
Inverter + Motor GBM + LIME 

Detects efficiency 

losses in high-

performance inverter 

and motor during track 

sessions; race engineer 

insights 

[3][9] 

RTA-19 
EV Rental Fleet 

Quality Ctrl. 
BMS + Charging RF + SHAP 

Automated post-rental 

health check using 

SHAP-scored energy 

consumption report; 

flags vehicles needing 

service 

[4] [18] 

RTA-20 
Digital Twin 

 Integration 
Full Vehicle 

XGBoost + 

 SHAP 

SHAP-augmented 

digital twin 

continuously compares 

real vs. modeled 

energy consumption; 

detects emerging faults 

[13] 

[25] 

Application Domain They include 6 domains: Fleet Management (RTA-01, 03, 12, 14, 15, 17) - the biggest group 

with 6 applications, and has the capability to scale up to multi-vehicle operations; Charging/Grid. That most 

industrial applications have been shown to monitor All Subsystems in parallel (RTA-06, 09, 10, 17) - the 

monitoring of fleets at the level of the whole. There is special subsystem focus in charging (RTA-02, 08), 

thermal/BMS (RTA-14), drivetrain/motor (RTA-03, 15, 18) and battery lifecycle applications (RTA-11, 19). XAI 

Method The most common approach (RTA-01, 04, 06, 09, 14, 17, 20) used is XGBoost+SHAP as it is scalable in 

real-time. There are also 6 applications (RF+SHAP) that are popular, when the fleet is to be averaged (RTA-02, 

05, 08, 13, 16, 19). GBM +LIME occurs in 4 (RTA-03, 07, 12, 15, 18) applications that are more popular in 

reporting fault causation. RTA-10 is the only algorithm to use both SHAP and LIME to meet regulatory dual-

explanation criteria. Data Source The data sources are multi-modal in nature. CAN bus and BMS telemetry are 

better (in 16/20 applications). Driver-facing applications make use of GPS and route information (RTA-04, 06, 

13, 16, 17). It can be found in data sources that are specialized in: high-frequency inverter telemetry (RTA-18) 

racing EV, post-rental BMS telemetry (RTA-19), full lifecycle charge/discharge history (RTA-11) second-life 

battery grading, synchronized real + digital twin telemetry streams (RTA-20). Business Value / Description. The 

business value comprises the financial savings (8.3% daily reduction in the energy costs in the last-mile delivery, 

RTA-16), operational (62% reduction in the unplanned downtime, RTA-03), safety (thermal runaway prevention 

system, RTA-05), regulatory facilitation (EU AI Act compliance, RTA-10), and new business models (dynamic 

insurance pricing, RTA-1. All the applications are grounded on peer reviewed literature and as such, they are 

academically sound. RTA-10 also uses regulatory compliance in its use case, which also mentions [2] and [25] - 

the LIME paper and the XAI 2.0 manifesto - establishing a direct link between its regulatory compliance use case 

and the XAI theory. RTA-05 [5] and [16] - the two thermal runaway papers-on which the safety application is 

based-ground on the familiar studies of battery faults. 
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Fig 1: AI based EV car [1] 

 
Fig 2: Energy controller [1] 

 
Fig 3: AI with Cloud Computing [1] 
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Fig 4: Role of AI in Energy storage [3] 

 
Fig 5:AI Integration in Energy Managements [6] 

 

VI.CONCLUSION 

The AI framework to identify energy inefficiency in electric vehicle systems using interpretable machine learning 

models. The main contribution would be the evidence that the black-box versus accuracy trade-off that has been 

traditionally viewed as an unavoidable limitation of ML in automotive diagnostics is significantly addressed by 

the latest interpretable ensemble algorithms (XGBoost, Random Forest, Gradient Boosting) when supplemented 

by post-hoc XAI tools (SHAP, LIME) [1][2][3]. The XGBoost-SHAP pipeline demonstrated 96.2 % accuracy in 

the detection of anomalies on real-world EV telemetry data, and produced human-understandable, subsystem-

specific explanations of each detected area of inefficiency-a combination that both black-box deep learning and 

traditional rule-based diagnostics are unable to achieve. The practical value of interpretability cannot be over-

emphasized in the automotive scenario. The regulatory frameworks such as the EU AI Act specifically categorize 

EV energy management AI systems as high-risk applications that must be audited and made transparent. The 

SHAP and LIME explanations that the proposed framework produces meet these criteria by giving verifiable, 

feature-level explanations on all decisions made by the anomaly detector, allowing submissions to the regulator, 

warranty arbitration, and safety certification. Future research directions involve: (i) physics-informed XAI 

(PIXAI) approaches, where the physics domain is integrated with electrochemical and thermal domain knowledge 
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directly into SHAP value computation to increase physical fidelity of the explanation (ii)using federated learning 

architectures to do privacy-preserving fleet analytics, i.e. maintain XAI capabilities without centralizing sensitive 

vehicle data; (iii) extending the intersection of XAI and EV energy diagnostics is a critical research edge whose 

application, in increased battery life, extended range, lower maintenance cost, and greater safety, has a direct 

contribution to the viability and sustainability of worldwide electric transportation. 
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