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Abstract:

The Machine learning (ML) and deep learning (DL) solutions to the challenges of predicting electric
vehicle (EV) energy consumption and estimating driving range. With battery electric vehicles (BEVs) and
plug-in hybrid electric vehicles (PHEVs) spreading across the globe very quickly, the accurate prediction
of energy consumption has become an urgent matter to enhance user trust, assist in route optimization,
and connect with the smart grid. The wide spectrum of the algorithms including Random Forest (RF),
XGBoost, Recurrent Neural Networks (RNN), Long Short-Term Memory (LSTM), Mixture of Experts
(MoE), probabilistic deep learning, and federated learning systems are reported in the review. Critical
evaluation of key input features is presented in the research and they are the road topology, traffic
conditions, weather parameters, driver behavior, battery state-of-charge (SOC) and vehicle dynamics. The
results of both works indicate that ensemble-based and deep-learning-based approaches may be more
effective than classical regression models and that the mean error (MAE) may not exceed 2 kWh/100km
in the optimum instances with appropriately crafted features. Additionally, new privacy sensitive and
communication-efficient ML models are also cited as the future outlooks of scalable fleet deployment.

Keywords: Electric Vehicle, Energy Consumption Prediction, Driving Range Estimation, Machine
Learning, Deep Learning, XGBoost, LSTM, Federated Learning, Battery State of Charge, Smart Grid,
Route Optimization, Transfer Learning.

I. INTRODUCTION

The shift in the transportation sector to electrification is a change in basic assumptions because of the
environmental requirements, government regulations and the rapidly rising battery technology. EVs are
one of the most significant aspects in the international mobility policy of sustainable cities. However,
despite the advances in technology, the range anxiety as the fear of an EV not being able to cover the
distance before arriving at the destination is among the primary challenges to mass adoption [24]. The
ability to predict the energy consumed in real-time and the distance that the vehicle can travel is therefore
the initial step towards the improvement of user trust and the feasibility of realistic use of EVs in a broad
spectrum of practical scenarios. Traditional energy consumption models of EVs have been founded on
physics simulations and standard drive cycles such as NEDC and WLTP. The models do not consider the
complexity and nonlinearity of vehicle dynamics, road characteristics, ambient conditions, and individual
driver behavior although these are useful in regulatory benchmarking [5] [10]. The deficiency of these
simplistic models has stimulated extensive research of data-driven models, particularly of ML and DL
models, that are able to find complicated patterns on big real-world information.

Energy prediction frameworks based on ML have been increasing over the last ten years. Gradient
Boosting models and random Forest have been found to be very accurate in tabular feature environment
[3] [13] [20]. RNNs and LSTMs are recurrent architectures that have shown to be effective in learning
temporal dependencies in sequential trip data [2]. Hybridization between physics knowledge and more
data-driven parts has proven to have certain potential in extrapolating among various driving conditions
[25]. A more recent approach is federated learning that has been suggested to deal with privacy concerns
in fleet-scale applications [8] [14] [18].
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II. LITERATURE REVIEW

Liu et al. (2022): Where the prediction includes real-time route information and road traffic conditions
[1]. The process is dynamic and amends the prediction model to the new route information causing
tremendous improvement over the traditional models. This approach showed that the range prediction
error is lower (by about 18 percent) when contextual features are used in place of feature-agnostic
baselines. The article repeats the necessity to consider the route-aware model in urban driving situations
[1].

Huawei et al. (2022): Suggested a fine-grained RNN architecture with an addition of the transfer learning
to predict EV energy consumption [2]. The model, which was trained on a large heterogeneous EV dataset,
and fine-tuned on vehicle specific data, achieved a mean absolute error of 1.9 kWh/100km. Transfer
learning method came in handy in dealing with the problem of data scarcity that is characteristic of
individual-vehicle deployments. The model was validated in various EV models and demonstrated that it
can be generalized [2].

Pakistan, Ullah et al (2022): Conducted a comparative analysis of different ML algorithms, including
Artificial Neural Networks (ANN), Support Vector Machines (SVM), and Random Forest (3). It was
found that the highest predictive accuracy was given by Random Forest with R 2 of 0.94. Topography,
speed and climatic features were added which contributed a lot to the model. The experiment left a publicly
usable data set comprising of urban and rural driving profiles [3].

Vaz et al. (2021): Developed a probabilistic deep learning model. This approach measures the uncertainty
in predictions unlike deterministic models, and allows estimating the confidence interval of remaining
range. In validation, the model was found to have about 90% coverage probability, thus it can be used in
safety-critical applications. The utility of range prediction systems is increased by the probabilistic output
in the case of real-time driver assistance.

Zhang et al (2022): Proposed a model-based method of human driving behavior modeling and simulation,
which may be applied in the study of the automated vehicles [5]. The framework determined the behavioral
characteristics of naturalistic driving data and used them in simulation pipelines. Even though it is not
behavioral modeling components that are directly targeted towards energy consumption, the latter are
directly informed by the structural aspects of behavioral modeling. As illustrated in the paper, the accuracy
of simulations of energy consumption can be significantly increased with fine-grained behavioral
characteristics [5].

Paul et al., (2023): The study that was conducted using data located in Singapore determined that the
Gradient Boosting algorithm resulted in the best balance between predictive performance and
computational efficiency with MAPE values of less than 5.2%. The relevance of the benchmark-based
model selection in the EV energy prediction systems was highlighted in the paper [6].

Pang et al. (2024): Investigated the extent to which the characteristics of a road like grade, surface type
and curvature can be employed to predict the EV energy use within the city of Nanjing in China [7].
Analysis showed that road topology features were the strongest predictors and took up over 30 percent of
the model variance. A machine learning model that was trained using these features had a RMSE of 1.73
kWh/100km. These results support the use of road-feature-rich datasets in future EV energy modeling
endeavors [7].

Hu and Sikdar (2024): Introduced a federated learning model with privacy assurance that can run
customized EV energy consumption forecasting [8]. The framework allows cars to collectively train a
shared model without having to be exposed to raw trip data, and this raises concerns of critical data
privacy. The privacy-preserving model suffered less than 2% accuracy degradation in contrast to a
centralized baseline. This model is particularly relevant in the case of commercial fleets operators, to
which the data protection laws apply [8].

Tanveer et al. (2022): Machine learning to the driving range prediction problem in EVs and tested the
ensemble-based and regression approaches on both synthetic and real data. The experiment determined
that ensemble techniques especially those that combined bagging and boosting techniques showed a gain
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of about 12 percent in the accuracy of range prediction. The paper provides a comparative foundation to
the practitioners in selecting ML algorithms in the range advisory systems [9].

Vaz et al. (2024): Increased the prediction of EV remaining range by feature engineering and machine
learning using a large IEEE Access dataset. Functionalities like trip history (cumulative elevation, past
energy rates) greatly improved the quality of predictions. The best model was the one with MAE of 1.6
km/kWh that improved on past baselines. The present paper confirms that prediction accuracy largely
depends on richness of features in fleet-scale applications [11].

Shahriar et al. (2021): Using machine learning to predict EV charging behavior using smart grid and fleet
data achieved an F1-score of 0.91. The strongest predictors were identified to be the departure time, arrival
state of charge and past usage. It was shown that the charging behavior model made proactive load
balancing in the grid possible. The gap that exists between the EV energy consumption modeling and
smart grid demand response applications [12].

Xu et al. (2023): Authors talked about the effectiveness of communication in federated learners to forecast
the energy demand of EVs . Gradient compression and selective model synchronization were used to
reduce the communication in the system by 40 per cent with a loss in F1-score of less than 3 per cent. The
provided framework is particularly relevant to the edge-computing-based EV fleets that operate in a
bandwidth-constrained environment. The study adds to the feasibility of large-scale distributed EV energy
learning systems [14].

Petersen et al. (2022): Presented an energy estimation framework of the BEVs, which is data-driven on
the Mixture of Experts (MoE) approach. The MoE architecture is a dynamic switch between the
specialized sub-models in response to the driving context and a resulting RMSE of 1.42 kWh/100km on
a German BEV dataset. The model was able to cope with the heterogeneous driving conditions such as
urban, suburban and highway sections efficiently. MoE provides a more interpretable and modular
alternative to deep learning models that are monolithic [15].

III. KEY OBJECTIVES

This research paper is a comprehensive exploration of the energy usage of EVs as per ML under the
following goals:

1.0nly by developing a ranked taxonomy of the existing methods, which are already available it will be
possible to carry out a systematic literature review and categorize machine learning and deep learning
algorithms applied to predict energy consumption and estimate range of EV [24] [25].

2.Identify and examine the best input features - road topology, traffic conditions, weather parameters,
driver behavior, and battery characteristics - and their impact to the accuracy of predictions [7] [10] [16].
3.To compare the predictive performance of traditional ML models (Random Forest, XGBoost, SVM) and
deep learning models (RNN, LSTM, probabilistic DL) on standardized and natural data [3] [6] [13].
4.To examine the importance of transfer learning in facilitating cross-vehicle and cross-environment
generalization, alleviating the need to have large vehicle-specific training datasets [2] [11].

5.To explore privacy-preserving federated learning models that can be used to train models on EV fleets
jointly without the need to share sensitive trip information [8] [14].

6.To analyze probabilistic and uncertainty-sensitive prediction models that give confidence intervals to
estimate the range, improve the safety and reliability of driver assistance systems [4] [25].

7.To research the application of hybrid physics-ML techniques which use a combination of domain
knowledge and data-driven learning to produce a greater accuracy when driving under out-of-distribution
environments [15] [25].

8.Generalize and describe findings of 20 diverse case studies in different geographic locations, vehicle
types and algorithms, identify trends in performance in different settings [1] [23].

9.To graph 20 practical real-life case studies of real-life implementation of ML-based energy prediction
in the automotive systems, fleet management, smart charging, and urban planning [12] [18] [22].

IJLRP25012181 Volume 6, Issue 1, January 2025 3



https://www.ijlrp.com/

@ International Journal of Leading Research Publication (IJLRP)
IJLRP

E-ISSN: 2582-8010 e Website: www.ijirp.com e Email: editor@ijlrp.com

10.To identify major gaps in research and future research directions, including the need of benchmark
datasets, interpretable and scalable edge-computing systems to solve EV energy management [24] [25].

IV. RESEARCH METHODOLOGY

The study uses a comparative data analysis approach and systematic literature review as a methodology
to thoroughly assess machine learning solutions to predicting EV energy consumption. The methodology
is based on literature identification, study selection, feature analysis, algorithm benchmarking, and
application mapping. The electric vehicle energy prediction, EV range estimation, machine learning
battery consumption, and deep learning EV driving range. The inclusion criteria were: (i) needs to
explicitly employ ML or DL techniques; (ii) needs to be energy consumption related, SOC prediction
related, or driving range estimation related; (iii) needs to have quantitative measures of performance [24]
[25].All of the chosen studies were examined in order to obtain the following characteristics: the main
algorithm(s), input feature set, characteristics of the datasets (size, region, type of vehicle), performance
measures, and error rates reported. Five classes of inputs were used, such as: (i) vehicle dynamics (speed,
acceleration, mass); (ii) road and topographical factors (grade, surface, curvature) [7]; (iii) environmental
factors (temperature, humidity, wind) [16]; (iv) traffic/route factors (congestion, route length, frequency
of stops) [1]; and (v) driver behavior parameters (smoothness index)Comparison was made on the
performance of the algorithms and standardized performance indices like the Root Mean Squared Error
(RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE) and coefficient of
determination (R?). In cases where other metrics were found in the studies, there was conversion formula
where possible to facilitate cross-study comparison. It was revealed that XGBoost and LSTM always had
the highest level of performance on different datasets[10] [20] [21] but the federated learning variants
could maintain the high level of accuracy even with the privacy constraints [8] [13] [14].To balance the
academic literature and practice, case studies were created according to the articles reviewed and each
case study has been represented in key dimensions: identity of the study, methodology, data and area,
main results, measure of performance, and source. Similarly, real-time application problems were created,
which comprised application domain, EV/system type, ML technique, key outcome, deployment context,
and reference. This two-fold mapping method provides retrospective validation to the already known work
along with future guidance to the practitioners and system designers [1] [12] [24]. The quality of the
review was guaranteed by means of a dual-reviewer verification process to select the studies and extract
the data. Articles where the measures of performance are inconsistent or unclear were cross-validated with
citation databases and where possible with the published supplementary data. The last group of works is
a geographically diverse, and algorithmically diverse, and time-up-to-date snapshot of the EV energy
prediction research field [3] [18] [25].

V.DATA ANALYSIS

The section provides both quantitative and qualitative discussions of the results obtained based on the
analyzed literature containing performance comparisons between algorithms, ranking of features based on
their importance, and the diversity of the datasets and geography of the studies. The comparison reveals
that ensemble (XGBoost, RF) and recurrent (RNN, LSTM) algorithms are the most effective in tabular
and temporal sequence features modeling, respectively [2] [10] [20]. The following generation in
accuracy-privacy tradeoffs in fleet-scale deployments are semi-federated and hybrid models [8] [13][14].
The values of MAE of the studies reviewed were between 0.91 percent (SOC prediction, [19]) and some
5.2% MAPE (comparative benchmark, [6]). The smaller errors were also invariably achieved in the
researches that involved road topology and traffic features compared to the ones which used vehicle
kinematic information alone [7] [1]. The most universal models have been trained with transfer learning
and big-data procedures, and achieved R? on big national datasets more than 0.89 [23] [11].
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TABLE 1: CASE STUDIES WITH KEY FINDINGS

;’0 Author Method Used Dataset Key Findings }:;:f:;mance Ref.
Route-aware
‘ Urban ML improved RMSE
1 Liu et al. | ML + Route Info | routes, range rediezdl oy | [T
(2022) Update AAAI prediction
~18%
dataset accuracy
significantly
Transfer
. Fine-grained Multi-EV learnin
2 Huawer et RNNgvL Transfer | field data, enablecflg Cross- MAE: 1.9 [2]
al. (2022) ) . kWh/100km
Learning UK vehicle
generalization
Random Forest
Comparative Pakistan outperformed ”_
3 81(1)32)6 el ML (RF, SVM, | urban/rural | others for §6550'94 (e [3]
ANN) roads energy
prediction
Uncertainty
Vaz et al. | Probabilistic Portuguese guant1ﬁcat10n Coverage
4 (2021) Deep Learning | EV fleet improved user | probability [4]
confidence in | 90%
range
Gradient
boosting
5 Paul et al. | Comparative E:ic‘éery d:f[;/ showed  best | MAPE < [6]
(2023) ML Assessment Sineanore > | tradeoff 5.2%
£ap between speed
and accuracy
Road grade and
Pang et al. Road . Napjing, surface 'type RMSE: 1.73
6 (2024) Characteristic China road | were dominant CWh/100km [7]
Features + ML | network energy
predictors
Privacy- o L
Hu & e Distributed | preserving <2%
7 Sikdar Federated EV fleet, | model matched | accuracy loss | [8]
(2024) . USA centralized vs central
Learning
model accuracy
Ensemble
methods Accurac
2 Tanveer et | ML Range | Synthetic + | improved improvefnent (9]
al. (2022) | Prediction real EV data | driving range 12%
estimation
robustness
Vaz et al. ML  Enhanced | IEEE FeaFure . MAE reduced
9 (2024) Range. Access large | engineering ‘ to 1.6 | [11]
Prediction fleet dataset | from trip | km/kWh
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history boosted
prediction
quality
Federated izmcrggﬁlcangn
10 Xu et al. | Communication- | Asia-Pacific 40(; witi <3% loss in [14]
(2023) Efficient EV data 0 F1 score
Learnin minimal model
& degradation
MoE gating
11 Petersen et | Mixture of | German }elflizlleer(litlgi erse RMSE: 142 [15]
al. (2022) | Experts (MoE) | BEV dataset . v kWh/100km
driving
conditions
Real-world frizéi—lzahbrated vt
Masood et | ML from Field | EV logs,
12 al. (2024) | Data (XGB, RF) | multi- outperformed benchmark [16]
' ’ count lab-based MAE <2.1%
Y baselines
Topographical Pune, India e
13 Chavan et Drive Cycles + | varied features  were | Energy error [17]
al. (2024) y : critical for hilly | <4.8%
ML terrain
urban routes
Fused  model
Chinese reduced SOC
. XGBoost + RF . RMSE:
14 Lei (2024) Fusion for SOC NEV battery | prediction eITOr | ) 910, [19]
logs \& single
models
XGBoost
. achieved higher
Singh et | RF + XGBoost Indian EV precision in | XGB R*> =
15 . dataset [20]
al. (2023) | Comparison energy 0.96
(ICPEE) .
consumption
tasks
XGBoost
. XGBoost-based . captured
16 Srivatsa et Consumption Indian EV nonlinear MAPE: 3.4% | [21]
al. (2021) testbed data .
Model driving patterns
effectively
Big data
Big Data | Danish approaches 5
17 l;e tz:zn(c)a”)et Analytics + | national EV | yielded more i{cross ﬂegt'gg [23]
; Statistical ML dataset robust  range
distributions
Identified
Zhang ML Review - Globgl EV | LSTM and Avg. MAE
18 studies GBM as top | improvement | [24]
(2024) Urban Transport . s o
review performers in | ~22%
urban EV range
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Hybrid physics-
Mei et al. | Deep Learning + | Multi-EV ML e bl
12 (2023) Physics Models | benchmark S Gned (el e 15
Y pure data- | RMSE < 1.8
driven ones
Charging
. patterns
20 Shahriar et lgdel;la\]io(r?hargmg Smart grid + | predicted with F1 =091 [12]
al. (2021) - EV fleetdata | 91% accuracy '
Prediction .
for grid load
planning

Case Study 1: This article introduced a historic route-aware ML model to predict EV range. The system
worked far better than the static range predictors as it dynamically updated the inputs of the models as the
vehicle proceeds through its route and the real-time traffic data is fed. The fact that the contextual route
integration decreased the RMSE by a factor of 18 indicates that the contextual route integration is a very
crucial modeling factor, particularly, when one is dealing with urban conditions where there is significant
traffic variability.

Case Study 2: The transfer-learned fine-grained RNN model overcame one of the significant flaws of EV
energy predictions, i.e. the lack of data on the specific vehicle models. Multi-EV-pre-training and fine-
tuning on individual vehicles yielded MAE of 1.9 kWh/100km. This finding substantiates the fact that
transfer learning is a vital instrument to implement EV energy models on heterogeneous fleets without
having to use colossal per-vehicle datasets.

Case Study 3: The comparative ML analysis between ANN, SVM and RF has brought a solid performance
standard to the EV research community. That the R? of the urban-rural Pakistani dataset employed with
random forest is 0.94, is indicative of the properties of random forest against noise in features, and
complexity nonlinear interactions among speed, terrain and climatic factors. The publicly available data
of this study might have some value to serve as a reference in the future study in the developing nations.
Case Study 4: Probabilistic deep learning is an idea ahead of deterministic energy models. The 90%
probability of coverage attained in Portugal implies that the uncertainty intervals estimated by the model
are trusted to capture the real energy results. When it comes to navigation and advisory systems, it can be
directly translated into safer range guidance particularly when travelling over long distances where
underestimation of consumption can lead to being stranded.

Case Study 5: The comparative assessment carried out in Singapore is characterized by a stringent,
deployment-driven focus. The paper has established Gradient Boosting as the most appropriate algorithm
to employ in real-time energy monitoring systems of EVs because it also focuses on the speed-accuracy
tradeoff. The MAPE of less than 5.2% on field data justifies the feasibility of the model usage in practice
whereas the benchmark design allows a reproducible evaluation framework in case of comparative
research in the future.

Case Study 6: The case study in Nanjing quantitatively determined the predominant role of road features
in EV energy prediction. This paper is an interesting attempt to prove the usefulness of high-resolution
road data (grade, curvature and surface condition) as a compulsory input to any production-grade EV
range estimation system, and road topology characteristics clarify over 30 percent of the model variance
and 1.73 kWh/100km of RMSE.

Case Study 7: The federated model that protects privacy can achieve almost-centralized accuracy (less
than 2% degradation) and can fully protect personal trip information. It is a life-or-death implication of
the automotive industry, where the information sharing is in a disadvantaged position by the data privacy
law (e.g., GDPR). Privacy-friendly, fleet-scale collaborative learning in commercial EV deployments is
unlocked by the creation of competitive federated model accuracy.
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Case Study 8: The fact that the range prediction accuracy has been 12 % higher using the ensemble
approach in both artificial and real data sets validates the universality of ensemble strategies in different
data qualities. The study can be of use to individuals who must work with simulated and measured data,
and it has been shown that ensemble models are immune to the domain difference between the synthetic
training data and the actual test environment.

Case Study 9: The feature engineering model that was more advanced (also featured cumulative elevation
and historical energy rate features) achieved an MAE of 1.6 km/kWh, which is a state-of-the-art result in
fleet-scale range prediction. The paper shows that systematic enrichment of features can be as effective in
obtaining performance benefits as more elaborate architectural modifications, at a relatively low cost.
Case Study 10: One of the major practical impacts is that the federated EV energy learning reduced
communication overhead by 40 %. The practical loT-enabled EV fleets typically have bandwidth limits
that limit the practicality of continuous model synchronization. The fact that it has decreased to less than
3% F1-score demonstrates that it can be implemented to aggressively compress communication without
any significant accuracy loss, and extrapolate the edge-deployed ML to large EV fleets.

Case Study 11: Mixture of Experts approach The Mixture of Experts solution is a type of architecturally
innovative EV energy prediction, that is, the multimodal driving environments are explicitly modeled. The
various sub-experts cover urban, suburban and highway segments, with a RMSE of 1.42 kWh/100km
when using German BEV data. The interpretability of the gating mechanism when it directs inputs to the
applicable expert also provides a certain interpretability that is not typical of deep learning models and
MoE has a potential to explainable Al in the automotive case.

Case Study 12: The multi-country field data study is perhaps the best evidence of the superiority of real-
world training data as compared to laboratory cycle data. The fact that the less than 2.1% MAE on a
stringent TVT benchmark is obtained over vehicles representing more than 8 countries proves that field-
calibrated ML models are much better generalizers than cycle-trained counterparts. The immediate
implications of this discovery on OEMs and fleet operators are that they operate with standardized tests
to certify the range.

Case Study 13: The topographic drive cycle study of Pune is specifically useful to the fast urbanizing
nations with intricate topography. The observation that standard flat-road models underperform greatly in
hilly areas - confirmed with energy error less than 4.8% of the topographic model - provides a strong case
in support of locally-calibrated, terrain-aware energy prediction systems as a requirement to EV adoption
in non-flat geographies throughout South and Southeast Asia.

Case Study 14: XGBoost-RF fusion model predicting SOC has an RMSE of 0.91, which is a state-of-the-
art on-board battery management. The fusion model eliminates the limitations of both algorithms by taking
advantage of the high-variance detecting ability of XGBoost and the stability of RF. The model has been
tested and validated on Chinese national NEV battery logs that show that fusion techniques can attain
production-grade SOC estimation accuracy in a variety of battery chemistries and operating profiles.
Case Study 15: XGBoost vs. RF comparison in the Indian setting has a rather clear practical implication:
XGBoost has an R2 0f 0.96 and improved nonlinear interactions of features, so it is the algorithm of choice
to predict EV energy in Indian urban environments. The sensitivity analysis of hyperparameters in the
research also adds an operational value giving practitioners specific tuning parameters that could be
converted to the creation of the production system directly in the creation of Indian smart mobility
applications.

Case Study 16 : Being one of the first XGBoost-specific EV battery consumption in India, the study set a
fundamental standard with MAPE of 3.4%. The aspect that the model can learn nonlinear relationships
between speed and energy without deep learning infrastructure is particularly beneficial to resource-
constrained embedded systems. As noted in the case study, XGBoost is the algorithm of choice whenever
computational constraints with regards to EV energy prediction deployments are involved.

Case Study 17: The Danish national fleet study has become a classic to illustrate the usefulness of big data
in estimating EV range. The fact that the R2 with millions of trips performed by many drivers and vehicles
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is 0.89 proves that big data of the fleet make it possible to model strong range distributions, which could
not be replicated using small samples. A trace of the study can be found in the literature below that directly
references big data analytics as a scalability strategy to nationwide EV energy monitoring.

Case Study 18: The Overview of ML in urban transportation represents the latest algorithmic landscape
(as of 2024). The discovery of LSTM and GBM as the most effective, having an average MAE of 22%
improvement against regression controls, combines the results of dozens of studies and gives a solid
baseline of performance to new studies. This kind of meta-analytical perspective is priceless to scientists
planning to do new EV energy predictive studies.

Case Study 19: An explicit solution to the fundamental problem of pure data-driven models is the hybrid
physics-ML model of remaining driving range prediction: it is not able to extrapolate to non-training data
distributions. The model achieved a RMSE of less than 1.8 on a multi-EV benchmark using battery aging
models and temperature correction to the ML pipeline. According to the case study, hybrid modeling
presents the best future of strong range prediction in the face of real-world uncertainty.

Case Study 20: The EV charging behavior prediction work with F1-score of 0.91 fills the gap between
individual EV energy modeling and smart grid demand response. Charging pattern prediction is highly
accurate on the system and is capable of proactively balancing the load on the grid, which is increasingly
becoming a critical factor because of the growing EV penetration. As this case study demonstrates, ML-
based EV energy models are much more than just the car, and carry significant implications to energy
infrastructure planning and management.

E-ISSN: 2582-8010 e Website: www.ijirp.com e Email: editor@ijlrp.com

TABLE 2: REAL TIME APPLICATIONS WITH OOUTCOMES

N Technique Deployment
S.No | Application EV Used Outcome Context Ref.
Real-time
In-Vehicle accurate
1 Range Tesla Model 3, | LSTM + GPS | range Automotive (1]
Prediction BEV feed estimate dashboard
Display shown to
driver
Optimized
Fleet Energy Commercial XGBoost  + dlspat'ch and Coordination
2 Management . charging . [16]
EV Fleet telematics - companies
System scheduling
for fleets
Reduced
. . peak grid
S Chemgig |0 e e e
3 . charging behavior .. [12]
Scheduling . predicting operators
stations model
when EVs
will charge
Dynamically
re-routes
Rou'te‘ . Urban  ride- | ML + real- | EVs to Uber/Ola-
4 Optimization for e . S type [1]
hailing EVs time traffic minimize
EVs platforms
energy
consumption
Driver Behavior RNN energy | Alerts driver | Driver
> Feedback App SR A model on energy- | mobile app 2]
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wasting
patterns  in
real time
Cross-fleet
learning
Federated — EV Multi-brand without OEM cloud
6 Energy Federated ML . [8]
. EV fleets sharing platforms
Analytics . .
private  trip
data
. Flags
Pre'dlctlve Commercial XGBoost  + | degradation Fle?t
7 Maintenance for maintenance | [19]
. EVs SOC models | patterns
Batteries . teams
before failure
Adjusts
EV-Aware . signal timing C
) +
8 Traffic  Signal Smart ) city | ML energy to reduce EV Municipality [5]
intersections flow model loT
Control stop-start
energy loss
Dvnamic Ener Predicts best
Y &Y | V2G-enabled Deep learning | time to sell | V2G
9 Price [22]
. EVs demand model | energy back | aggregators
Forecasting :
to grid
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high on a
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EV charging
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usage
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Urban
planning
dept.

[23]

16

EV Energy
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Field data ML
models

Generates
energy audit
reports  for
EV fleet
operations

Enterprise
SaaS

[16]

17

Communication-
Efficient Edge
Learning

JIoT-enabled
EVs

Federated
edge ML

Enables real-
time model
updates with
low
bandwidth
usage

Edge
computing
nodes

[14]

18

Ride Energy
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EV
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taxi/ride-

ML trip energy
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Provides
instant
energy-cost
estimate per
trip for
pricing

Ride-hailing
backend

[11]

19

Battery SOC
Monitoring

System

BEV
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and

XGBoost + RF
fusion

Continuously
estimates
SOC  with
high
accuracy
during
driving

BMS
integration

[19]

20

EV  Charging
Behavior
Analytics

Energy
retailers

ML
classification
model

Segments
EV users by
charging
patterns
targeted
tariffs

for

Energy retail
CRM

[12]

Application 1: In-Vehicle Range Prediction Display: LSTM networks are implemented on modern BEVs
such as the Tesla model 3 to constantly predict the remaining range, which is shown on the dashboard
with real-time GPS, speed, and battery data. This application also does away with range anxiety more
directly with context-sensitive range estimates adjusted to the current driving conditions. The onboard
computer of the car has the ML model incorporated and it executes with a very low latency on edge
hardware [1].

Application 2: Fleet Energy Management System: Commercial EV fleets operate on XGBoost-based
energy models utilizing telematics data to optimize dispatch schedules, route assignments and charging
schedules. It is also possible to predict the per-trip energy consumption and thereby ensure that vehicles
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do not need to make unexpected charging stops. The software reduces the expenses of fleet management
and improves the trustworthiness in the transportation and logistics landscape [16].

Application 3: Smart Charging Scheduling: ML-based charging behavior prediction can help grid
operators and charging networks providers with predictive data on the time when the large crowds of EVs
will be brought online. This system is capable of dynamic adjustment of tariffs and demand response
schemes, which prevent grid congestion during peak periods, by the correct prediction of the charging
demand profiles (F1 = 0.91). This application is being implemented in additional energy management
systems in smart cities [12].

Application 4: EV Route Optimization: Ride-hailing applications using EVs are based on ML models that
consider real-time traffic data and energy consumption predictions to re-plan the path of vehicles during
the trip. The route planner selects those routes that waste the least amount of energy but will simply reduce
the travel time that will maximize the range of the vehicle and reduce the number of times the vehicle will
need to be charged. This application is particularly beneficial in the high population cities with traffic
conditions that may be extremely unstable [1].

Application 5: Driver Behavior Feedback Application: RNN-based energy models can be used to predict
driver behavior on-the-fly and identify energy-inefficient driving behavior (aggressive acceleration, over-
speeding, poor use of regenerative braking, etc.). Alerts are dispatched in the application, which educates
drivers on how to drive in a more efficient less energy consuming manner. It has been found that these
feedbacks on behavior can save up to 10 percent of energy among the average motorists [2].

Application 6: Federated EV Energy Analytics Platform: Original Equipment Manufacturers (OEMs) are
deploying federated Learning platforms enabling cross-fleet model training in multi-brand EV fleets but
do not centralize sensitive trip data. The vehicles or regional servers individually train on-the-fly and send
encrypted gradient changes to a global model. This architecture allows sustaining scale improvement in
models and keeping in line with data protection laws like GDPR [8].

Application 7: Predictive EV battery maintenance: XGBoost and Random Forest fusion models are
implemented with commercial EV fleet management systems to constantly track battery state-of-charge
curves and identify battery degradation indicators early. Maintenance alarms are triggered by unusual SOC
pattern that is not in accordance with the expected energy curves, before failures. Such a predictive
maintenance system reduces unforeseen downtime and improves the battery life in the high-fleet
environment [19].

Application 8: EV-Aware Traffic Signal Control: The smart city infrastructure applies ML energy-
consumption models coupled with traffic flow prediction to modify the timing of signals in manners that
minimize stop-and-go car travel of EV-heavy roads. The system conserves energy wastage incurred in
braking cycles by cutting down on full stops and at the same time enhancing the idea of a smooth
deceleration. This is applied in smart intersection controllers of intelligent transportation systems [5].
Application 9: V2G: Dynamic Energy Price Forecasting: V2G Vehicles V2G aggregators use deep
learning demand prediction models to forecast when the grid will experience peak energy demand, which
implies to EV owners to put stored energy back to the grid at a high price. The ML model is used to predict
optimum discharge windows and possesses enough lead time to organize fleets. Such application will
allow EVs to not only be passive consumers of energy, but also active grid assets to enable integration of
renewable energy [22].

Application 10: Personalized Range Advisory: OEM mobile apps make use of privacy-conscious ML
models which have been trained on personal driving data to present their own estimates of the range,
which considers the unique driving behaviour, routing preferences and vehicle condition of the individual
user. Personalized models reduce the systematic prediction errors of drivers whose behavior has a drastic
difference to population means, as compared to generic range estimators. This app enhances the trust of
users towards EV range displays [8].

Application 11: Topographic Route Planner: In high terrain variability environments, navigation systems
may use terrain-aware ML energy models to rank alternative paths as not just by distance and time but
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also by an estimated energy cost. Topographic route planning can consume less energy in hilly cities such
as San Francisco, Pune or Lisbon, by selecting the route that optimally exploits regenerative braking over
the route that does not require steep climbs [17].

Application 12: Weather-Adjusted Range Estimation: OEM cloud services combine ML models with real-
time meteorological APIs to adjust the range estimates depending on the current weather conditions as
well as future weather conditions, such as ambient temperature, precipitation, and wind speed. Weather
can result in severe variations in battery drain, as in cold weather, heating loads can cause the battery to
drain significantly, and in hot weather, the battery chemistry can cause the battery to drain significantly;
battery chemistry and weather-adjusted models provide much more accurate range estimates in either
season or climate [7].

Application 13: EV Energy Consumption Dashboard in Transit Authorities: EV bus fleets in transit
agencies can be deployed on the central operations dashboards to monitor fleet-wide energy consumption
KPIs, identify anomalous vehicles, and compare route/ driver energy efficiency with Mixture of Experts
ML models. The dashboard is an interactive display of the energy performance of the fleet and makes it
possible to make data-driven decisions such as redistributed routes and focus on the driver training [15].
Application 14: Probabilistic Range Alert System: EVs with long-range navigation systems have
probabilistic deep learning models that alert when the uncertainty in the remaining range prediction is
high, like the weather is switching, the traffic is unpredictable, or the battery is not healthy. In contrast to
binary low-range warning, probabilistic warnings convey confidence levels which drivers can use to make
informed choices on whether to take precautionary charging stops [4].

Application 15: EV Charging Infrastructure Planning Tool: Urban planners and energy utilities can use
the big-data ML analytics to choose geographic areas where EV penetration is high and where there is a
lack of EV charging infrastructure. The tool enables the utilization of data to find new charging stations
through an analysis of fleet energy use patterns and hotspots of charging demand. It is being applied in
the city-scale planning of EV infrastructure investment to have access to charging optimally and minimize
energy demand imbalances [23].

Application 16: EV Energy Audit Platform to Corporate Sustainability: Enterprise sustainability
departments can implement ML-based energy audit platforms to compare fleet energy usage data with
benchmarks, identify inefficiencies, and generate automated compliance reports. The platform provides
accurate energy attribution based on field-calibrated models that include vehicle-, route-, driver-, and time-
based energy attribution. This app aids in corporate carbon accounting and ESG reporting of the company
that has high numbers of EVs [16].

Application 17: IoT-enabled EVs Communication-Efficient Edge Learning: ML energy models can be
implemented on edge computing devices on vehicles or on roadside infrastructure where bandwidth is
constrained during IoT deployments. The federated edge learning application uses gradient compression
to enable the models to remain up to date with constant changes with a minimal amount of data being
transmitted to the model without needing to be continuously connected to a high-bandwidth network. This
type of architecture has particularly been used in intelligent highways in the remote or rural regions [14]
Application 18: Ride Energy Estimator on EV Platforms: Ride-hailing backends: ML trip energy models
may be applied to estimate the cost of energy (in real-time) per ride to implement dynamic pricing, which
incorporates the real energy use. The estimator considers the route features, traffic, and passenger traffic
as well as ambient conditions. The application improves the fairness of prices of the EV-based rides and
clear reporting of the energy costs in mobility-as-a-service platforms [11].

Application 19: Battery SOC Monitoring System to combine with BMS: XGBoost-RF fusion models on
battery management systems in BEVs and PHEVs provide continuous and highly accurate SOC estimates
in the drive cycle. The accuracy of real-time SOC is essential in range prediction as well as battery
protection (preventing over-discharge). These models can be directly coded into safety-critical BMS
firmware since the 0.91% RMSE accuracy of production-grade in [19] is attainable.
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Application 20: EV Charging Behavior Analytics to Energy Retailers: Energy retailers and utilities use
the ML classification models to classify EV customers according to charging behavioral patterns:
overnight home chargers, opportunistic public chargers and peak-hour chargers. These segments guide
personalized tariff design, incentives to correct demand irregularities, and investment in infrastructure.
Retailers can achieve improved customer satisfaction and grid efficiency at the same time through
matching the energy products to customer charging profiles [12].
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VI. CONCLUSION

The machine learning and deep learning methods employed in the prediction of the energy consumption
and estimating the driving range of the electric vehicles. The comparison to physics-based models and
standardized cycles that can capture the nonlinear relationships that are so intricate to model in the real
world EV energy consumption. The review could clearly show that ensemble algorithms XGBoost and
Random Forest give strong, high-performance predictions when applied to tabular data, and can achieve
R-squared (R?) values of over 0.94 and minimum of 5% MAPE in diverse geographic and vehicular
settings. Recurrent models like fine-grained RNN and LSTM networks are efficient to embrace temporal
correlations of sequential trip data to assist MAE values of under 2 kWh/100km with the addition of
dynamic route and traffic characteristics. Hybrid physics-ML systems are the future, and can combine the
extrapolation capabilities of physical battery models with the pattern recognition power of deep learning
to make strong predictions in the out-of-distribution regime. The tendency to large-data and field-
calibrated model training that has been demonstrated by large-scale experimental national fleets even more
confirms the importance of data quality in the real world outside the complexity of an algorithm. The
introduction of federated learning that pays attention to privacy as a scalable, regulation-aware framework
to cross-fleet training on collaborative model-training with little accuracy degradation. The application
mappings provide definite roles of academic research to the implementation in the automotive, smart grid,
urban planning, and mobility service areas. Taken together, these contributions put ML-based EV energy
prediction as not a field of academic study but an ecosystem of technologies that are poised to enter
production. The necessity to develop standardized benchmark datasets, i.e., between countries, vehicle
types and even seasonal conditions to enable strict cross-study comparisons. Safety-critical automotive
systems need interpretable and explainable ML models, whose prediction rationale needs to be auditable.
Embedded BMS and onboard range estimation systems need to utilize model architectures which are edge-
deployable and low-computational footprint. Finally, battery aging and modeling of battery degradation
and second-life battery properties become a frontier area that has an apocalyptic impact on the long-term
economics of EV ownership.
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