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Abstract: To better characterize the dual-channel energy-use behavior of plug-in hybrid electric passenger vehicles (PHEVS),
this study proposes a joint modeling framework for the simultaneous prediction of combined fuel economy (FC) and combined
electric energy economy (EPC). Using a PHEV subset derived from the public FuelEconomy.gov database, a shared-feature
gradient boosting decision tree (GBDT) framework is developed to model the fuel and electric pathways in a unified feature
space. Single-task linear and tree-based models are used as baselines, and model performance is evaluated through stratified
five-fold cross-validation based on vehicle category and drive type. To further reflect scenario-dependent usage patterns, the
battery-electric driving share parameter, a, is introduced to construct an equivalent energy consumption (EEC) indicator,
through which scenario sensitivity and error propagation are analyzed. Results show that the proposed approach achieves strong
predictive performance on both channels, with out-of-fold mean absolute errors of approximately 0.94 MPG for FC and 3.90
EMPG for EPC, and corresponding R?values of 0.968 and 0.928, respectively. The EEC error exhibits a smooth transition from
FC-dominant to EPC-dominant behavior as aincreases. Stratified analysis further reveals systematic differences in prediction
accuracy across vehicle categories and drivetrain configurations. Overall, the proposed framework provides a lightweight,
reproducible, and interpretable solution for joint PHEV energy-performance modeling, with potential applications in vehicle
benchmarking, regulatory disclosure, and user-oriented energy-consumption assessment.

Keywords: Plug-in hybrid electric passenger vehicles (PHEVs); Joint modeling; Fuel economy prediction; Equivalent energy
consumption; Gradient boosting decision tree (GBDT).

I. INTRODUCTION

The decarbonization of road transport has accelerated the strategic importance of electrified powertrains, particularly in markets
where charging infrastructure, consumer range anxiety, and transitional policy incentives continue to shape purchasing behavior.
Within this transition, plug-in hybrid electric vehicles (PHEVS) occupy a distinctive position because they combine an external
charging interface with a conventional internal combustion engine, thereby offering a compromise between full electrification and
unrestricted driving range. Recent reviews show that research on PHEV and hybrid-electric energy management has expanded
rapidly, especially in the directions of intelligent control, reinforcement learning, predictive optimization, and data-driven energy
forecasting [1]-[11]. At the same time, this expansion has made clear that PHEVs are not merely “intermediate” technologies in a
market sense; they are also methodologically challenging systems because their performance emerges from the interaction of two
propulsion pathways, two energy carriers, and strongly behavior-dependent operating patterns. In other words, the actual efficiency
of a PHEV cannot be inferred adequately from fuel-side or electricity-side performance alone, and its engineering assessment
depends on how these two channels are represented, coupled, and interpreted under realistic driving scenarios.

This challenge has become even more important as real-world evidence has increasingly shown that the on-road environmental
performance of PHEVs can deviate substantially from laboratory or type-approval expectations. Large-scale European analyses
have reported that real-world fuel consumption is often several times higher than official values, largely because electric driving
shares and charging frequencies in everyday use are lower than assumed in regulatory procedures [12]-[18]. Recent work based on
on-board fuel and energy consumption monitoring (OBFCM) data further shows that PHEV outcomes vary materially with user
type, trip structure, charging opportunity, ambient temperature, and route composition, while updated utility-factor studies indicate
that the choice of electric-driving-share framework can significantly alter the estimated fuel use, electricity demand, and emissions
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profile of a vehicle fleet [13]-[16]. Field evidence also confirms that total PHEV energy consumption is strongly conditioned by
operating mode and battery availability rather than by a single nominal efficiency label [19]. These findings are highly relevant for
modeling research. They imply that any performance representation that collapses a PHEV into one fixed metric risks obscuring the
underlying physics, driver behavior, and scenario dependence that actually govern energy use.

From a methodological standpoint, PHEVs differ from both internal-combustion vehicles and battery electric vehicles because they
exhibit a genuine dual-channel energy-consumption structure. The vehicle may operate in charge-depleting mode, charge-sustaining
mode, or mixed mode; it may also shift across these regimes within the same trip, depending on speed, road grade, battery state of
charge (SOC), thermal conditions, and supervisory control logic [12], [13], [19]-[25]. As a result, conventional single-output
modeling is often inadequate. A fuel-only perspective cannot characterize electricity substitution, regenerative recovery, or electric-
driving share. Conversely, an electricity-only perspective cannot represent engine activation, charge-sustaining operation, or fuel
penalties under depleted-battery conditions. Even the use of a fixed conversion factor between electricity and fuel may fail to reflect
the fact that the practical balance between the two channels is scenario-sensitive rather than constant. This is especially important
for passenger-car applications, where urban commuting, suburban circulation, and highway operation can produce markedly
different combinations of speed profile, stop frequency, power demand, and charging opportunity. In this sense, a robust analytical
framework for PHEVs should not only predict fuel-side and electric-side outcomes simultaneously, but should also allow the
engineer to examine how the relative contribution of these outcomes shifts as the share of electric driving changes.

The existing technical literature has made important progress on this broader problem, but most studies have concentrated on energy
management strategy (EMS) optimization rather than on cross-vehicle, public-data-based joint prediction. Recent PHEV studies
have proposed deep-learning-enhanced model predictive control, double-deep-Q-network-assisted adaptive equivalent consumption
minimization, long-short-timescale EMS architectures that fuse traffic information with short-horizon speed prediction, and hybrid
prediction-control structures that attempt to approximate dynamic-programming optima under realistic route uncertainty [20]-[23],
[29], [30]. Other work has focused on naturalistic-data predictive control, cooperative eco-driving and energy management,
hierarchical strategies in connected scenarios, intelligent controller design, traffic-informed adaptive ECMS, and supervisory control
in vehicle-following or platooning environments [24]-[35]. Collectively, these studies have shown that richer contextual information
and learning-based control can materially improve fuel economy and power allocation. Nevertheless, they are often developed for
specific architectures, specific vehicles, or specific mission profiles, and many of them prioritize optimal control performance over
broad statistical generalization, reproducible benchmarking, or interpretable cross-sectional comparison across heterogeneous
passenger-vehicle categories. In particular, relatively few studies directly address the question central to this manuscript: how to
build a simple and reproducible predictive framework that jointly estimates fuel and electric-economy indicators for a set of PHEV
passenger vehicles using standardized public data and transparent feature engineering.

In parallel, the rapid development of machine learning has opened a second research line that is highly relevant to the present study:
data-driven energy and fuel consumption prediction. Recent studies have shown that ensemble methods, tree-based learners, SHAP-
enabled explainable models, pretrained sequence models, and hybrid architectures can achieve strong performance in predicting
electric-vehicle energy use or vehicle fuel efficiency from real-world or public datasets [36]-[45]. This literature is valuable for at
least three reasons. First, it shows that nonlinear methods such as gradient boosting, random forests, stacking ensembles, and
pretrained transformers are well suited to the heterogeneous and non-additive structure of transport-energy data [36]-[40]. Second, it
demonstrates that interpretability has become a practical design requirement rather than an optional add-on, especially where model
outputs are intended to inform engineering decisions, regulation, infrastructure planning, or user guidance [36], [39], [40], [42], [43].
Third, it suggests that transferable and benchmark-oriented learning frameworks are increasingly feasible, particularly when data
quality, feature consistency, and evaluation protocols are handled carefully [38], [41], [44], [45]. Yet this literature also reveals a
notable gap: much of the strongest recent work concerns either battery electric vehicles, charging demand, or single-output
fuel/energy prediction. Much less attention has been given to joint, dual-output, and scenario-aware modeling for PHEV passenger
vehicles based on publicly reproducible vehicle-attribute data.

Taken together, the literature suggests three persistent gaps. First, there remains a gap between real-world PHEV behavior and
simplified laboratory-style representation, which makes it difficult to evaluate vehicle performance with a single static indicator
[12]-[18]. Second, there remains a gap between control-oriented EMS research, which is often architecture-specific and simulation-
centered, and cross-sectional predictive modeling, which is needed for benchmarking, regulation, and large-scale comparison [20]-
[35]. Third, there remains a gap between single-output machine learning studies and the real analytical needs of PHEVS, whose
performance is fundamentally governed by the interplay between fuel consumption and electricity consumption [36]-[45]. These
gaps motivate the need for a modeling strategy that is simultaneously joint, lightweight, interpretable, and reproducible.
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To address this need, the present study develops a joint modeling framework for plug-in hybrid passenger vehicles in which
combined fuel economy and combined electric energy economy are predicted simultaneously within a unified feature space. Instead
of treating the two outputs as unrelated targets, the framework explicitly recognizes that they arise from the same vehicle
configuration and operating logic, but reflect different manifestations of energy use. On this basis, the study further introduces an
equivalent energy-consumption indicator under different values of the battery-electric driving share parameter a, thereby linking
prediction to practical scenario sensitivity rather than to a single unconditional average. Such a design is especially useful for
PHEVs because the engineering meaning of “good performance” changes when the vehicle is used primarily as an electric
commuter, primarily as a charge-sustaining hybrid, or as a mixture of both. Consistent with the current manuscript, the framework
also emphasizes reproducibility, grouped evaluation, and engineering interpretability by comparing model behavior across vehicle
categories and drive types and by using a lightweight machine-learning workflow that can be readily deployed and replicated.
Accordingly, the contribution of this paper is not merely to improve prediction accuracy in a narrow algorithmic sense. Rather, it is
to provide an analytically coherent way of representing PHEV passenger-vehicle energy performance as a two-channel prediction
problem that can support cross-vehicle comparison, scenario-based equivalent-energy assessment, and more transparent
interpretation of model error. In doing so, the study aims to contribute to the methodological bridge between real-world PHEV
usage evidence, learning-based energy modeling, and engineering applications in product evaluation, regulatory disclosure, and
user-oriented energy-consumption guidance.

Il. METHODS
A. Data Sources and Preprocessing
The data were obtained from the “Download Fuel Economy Data / Developer Web Services” database of FuelEconomy.gov, which
covers passenger-vehicle energy-consumption and configuration information from 1984 to the present. In this study, a data snapshot
acquired in October 2025 was used. PHEV records were first screened according to the conditions that atvType = Plug-in Hybrid or
fuelTypel / fuelType2 simultaneously contained Gasoline and Electricity. The dataset was also made compatible with fields in
which combined energy-consumption values were recorded in a merged “MPG / EMPG” format (e.g., “26 / 587), thereby
facilitating target extraction from historical versions or third-party compiled tables.
Using the official field dictionary as the reference standard, the primary targets were defined as combined fuel economy, comb08
(MPG), and combined electric energy economy, combA08 (EMPG). The electricity-based metric combE (kWh/100 mile) was used
only for comparison. Urban/highway sub-targets were represented by city08 / highway08 for the fuel pathway and cityAO8 /
highwayA08 for the electric pathway. Structural and configuration features included trany (from which gear number and
transmission type such as CVT, AT, and MT can be parsed), drive (2WD / 4WD / AWD), VClass (vehicle category), fuelTypel /
fuelType2 (fuel type), and phevBlended (PHEV identifier). The field mapping and variable definitions are shown in Table 1.

TABLE |
FIELD MAPPING AND MEASUREMENT DEFINITIONS
Chinese term in source Official field name Type Unit Definition / description Use in this study
Overall fuel FC comb08 Numeric MPG Fuel pathway Target y1
Overall electric EPC combA08 Numeric EMPG Electric pathway (including Target y2
charging losses)
Overall electricity combE Numeric kWh/100 mile  Electricity-based metric Auxiliary
consumption comparison
Urban / highway fuel city08 / highway08 Numeric MPG Sub-targets Optional
Urban / highway electric  cityA08 / highwayA08 Numeric EMPG Sub-targets Optional
Transmission trany Categorical — Gear number / CVT parsable  Feature
Drive type drive Categorical — 2WD / 4WD /| AWD Feature
Vehicle category VClass Categorical — Body/vehicle class Stratification
Fuel type fuelTypel / fuelType2  Categorical — Gasoline / Electricity Screening
PHEV marker phevBlended Categorical / — Plug-in hybrid identifier Validation
Boolean
CO: / ratings, etc. co2 / co2A, ghgScore,  Numeric/ Grade — Extended indicators Optional

etc.
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If the source table recorded “MPG / EMPG” as two values in a single column in the form “a / b”, the field was first split into two
numeric columns before model input. Records with missing or invalid target values (< 0) were removed. Continuous features were
imputed using the median or group-wise mean, and a missing-indicator variable was added. For categorical features, an
“unknown/other” category was introduced to preserve samples. Extreme values were suppressed using the interquartile range (IQR)
method or mild Winsorization (1%). The drive field was standardized into 2WD / 4WD / AWD, trany was parsed into “number of
gears + transmission type”, and VVClass was retained according to the official classification. Duplicate records were removed based
on the combination of make / model / year / fuel type (or a unique ID), so as to avoid repeated inclusion of identical vehicle
configurations in model training.

The main reporting units were MPG / EMPG. The conversions for L/100 km and kWh/100 km were defined as follows:

235.215
@

1L/100 km = MPC

1 kWh/100 mile

where 235.215 is the unit-conversion constant between miles and kilometers. Data processing strictly followed the pipeline of
vehicle screening — target availability check — anomaly removal — deduplication. The corresponding counts and measurement
criteria are presented in Table 2. To prevent data leakage, all feature transformations were fitted only within the training folds, and
the parameters were then frozen when applied to the validation folds.

Table I1111
Sample Inclusion And Exclusion Criteria

Item Condition / rule Description Count

Inclusion—uvehicle type atvtype = Plug-in Hybrid or fuelTypel / 2 contains Gasoline  Explicitly identified as 142
+ Electricity PHEV
Inclusion—target comb08 and combAO08 are both non-missing and valid Required for the main task 142
availability
Exclusion—abnormal Target = 0, text parsing failure, extreme outliers (IQR) Quality control 8
records
Deduplication make / model / year / fuel combination or unique 1D Consistent measurement 67
standard

Final sample — Entered modeling 67
Training / validation split ~ Stratified K-fold (VClass x drive) Reproducible experiment K=5

B. Problem Definition and Scenario Indicators

Let the feature vector of the i-th sample be denoted by x;. The combined fuel economy, y;; = comb08, and the combined electric
energy economy, y;, = cOmbAQ8, are treated as two related tasks. A multi-task joint regression framework with a shared
representation h(x;)is adopted:

Vi = fi(h(x)). 9z = fo((x;)) )

A weighted mean absolute error (MAE) is used as the primary loss function, with RMSE employed as a reference metric:

L =2, MAE(y,, 1) + 4, MAE(y,, ) (4)
where 4,and A,are set to 1, or alternatively determined through uncertainty-adaptive weighting. To better reflect actual vehicle use,
the battery-electric driving share is defined as a € [0,1], and the scenario-based equivalent energy consumption (EEC) is
constructed as follows:

1 o« l-a

EEC EPC ' FC ®)
Sensitivity and robustness are then examined along the continuous “highway-to-urban” spectrum for « = {0,0.3,0.5,0.7,1}.
The continuous variables include displ, cylinders, and, optionally, the differences city08 - highway08 and cityA08 - highwayA08.
The categorical variables include trany (with parsed gear number and transmission type, such as CVT / AT / MT), drive, VClass,

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 2743



International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue VI June 2026- Available at www.ijraset.com

fuelTypel / fuelType2, phevBlended, and certification region / emission standard, among others. In addition, brand, series, and
performance-related keywords extracted from model may be incorporated as text-enhancement features.

With respect to encoding and robustness, tree-based models adopt target encoding or frequency-constrained categorical encoding,
whereas linear models or shallow neural networks use one-hot encoding or embeddings. Low-frequency categories are merged into
an “Other” class. When necessary, standardization is applied, and Huber loss or quantile loss is used to enhance robustness to
outliers.

A note on measurement consistency is warranted: since combAQ8 already incorporates charging losses, variables such as charge120
and charge240 are used only as explanatory variables to reflect sources of variation, rather than for any secondary correction of the
target variable.

Stratified K-fold cross-validation based on VClass x drive, with a fixed random seed, is employed to ensure balanced distributions
of different body categories and drivetrain types across the training and validation sets. The primary evaluation metrics are MAE,
RMSE, and R2. Scenario-based evaluation reports MAE / SMAPE curves under different values of a. The proposed approach is
compared with single-task models and grouped modeling, and paired t-tests across K folds are used to assess the significance of
performance differences. At this point, the definitions of data measurement, sample selection, task formulation, and validation
strategy are fully specified, providing a closed methodological basis for subsequent implementation and experiments.

C. Analytical Framework and Technical Implementation

To characterize the dual-channel energy-consumption behavior of plug-in hybrid electric passenger vehicles, this study constructs a
joint modeling framework composed of a shared encoder and two regression heads. The overall workflow is as follows: data import
— field and metric mapping — missing-value and anomaly processing — category unification and encoding — stratified
partitioning by “VClass x drive” (K = 5) — model training and validation — aggregation of out-of-fold (OOF) predictions —
scenario-based EMPG evaluation and stratified statistics — visualization and reporting. The entire pipeline is implemented in
Python, with a fixed random seed. In addition, the category mappings, normalization parameters, field dictionary, and fold indices
are persisted to ensure full reproducibility of the results.

The shared encoder adopts a multilayer perceptron (MLP) architecture with two to three layers, each consisting of a linear
transformation, a nonlinear activation function, and appropriate regularization. The shared representation produced by the encoder is
then fed into two independent linear regression heads, which output FCand EPC, respectively. Let the training samples be denoted
by {(x;, ¥i1,¥:2) Y=, where y;;and y;,represent comb08 and combAO08, respectively, and their corresponding predictions are ;,and
Via-

To address differences in the noise scales of the two tasks, uncertainty-adaptive weighting may also be introduced, allowing the task
weights to be learned automatically from the corresponding task-noise parameters. The optimizer is AdamW, with an initial learning
rate of 1 x 10~3and a weight decay of 1 x 107*. The batch size is set between 128 and 256. Training proceeds for up to 300 epochs,
with the joint MAE on the validation set used as the criterion for early stopping. A dropout rate of 0.1-0.3 is applied at each layer to
mitigate overfitting. All experiments use a fixed random seed, and the feature-processing pipeline is stored to ensure reproducibility.

D. Training, Validation, and Statistical Testing
A five-fold cross-validation scheme stratified by “VClass x drive” is adopted (K =5, with random_state fixed), so as to ensure
balanced representation of different body categories and drivetrain configurations in both the training and validation sets. All
methods share the same fold partition and the same preprocessing pipeline. To avoid hyperparameter tuning on the test data, a small
subset of the training fold is further reserved for early-stopping validation.
The primary evaluation metrics are MAE, RMSE, and R?, reported separately for FC and EPC, together with the out-of-fold mean +
standard deviation. For scenario-based evaluation, the study reports MAE/SMAPE—a curves for the predicted equivalent energy-
consumption metric and records the errors at representative operating points. For ease of engineering interpretation, the proportions
of samples with relative error not exceeding 10% and 20% are also calculated [15]. The scenario-based equivalent energy
consumption is defined using the battery-electric driving share a € [0,1]as follows:
1 a l-a

— =t — (6)

EEC(a) EPC FC
For comparisons among the joint GBDT model and alternative settings such as single-task modeling, grouped modeling, non-shared
representations, robust loss functions, and text-enhanced features, paired five-fold tests are conducted, primarily using the paired t-
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test. In addition, 95% confidence intervals are constructed for the out-of-fold residuals using bootstrap resampling. For the grouped
out-of-fold MAE by VClass and drive, the percentage deviation relative to the overall average is calculated, and an indicative p-
value is obtained using the sign test based on paired within-fold differences, while sample-size thresholds are considered to control
statistical power. The main runtime environment of this study is Python 3.10+.

111. RESULTS AND DISCUSSION

A. Overall Predictive Accuracy and Fitting Characteristics

In terms of overall fit, the joint model achieved high accuracy and stable fitting for both energy-consumption channels of plug-in
hybrid electric passenger vehicles (PHEVs), namely, fuel economy and electric energy economy. As shown in Fig.1, the out-of-fold
scatter points are distributed closely around the ideal 45° line. The fuel-side point cloud is more concentrated, whereas the electric-
side distribution exhibits slightly greater dispersion. A small number of outliers can be observed in the high-electric-consumption
range, which is consistent with the empirical understanding that electric-drive performance is more sensitive to factors such as
temperature, the state-of-charge (SOC) window, and energy-regeneration strategy. In quantitative terms, the out-of-fold MAE is
approximately 0.8-1.0 on the fuel side and 3-4 on the electric side, while R? is generally around 0.95, indicating that the model
captures both the overall trend and the relative ranking of samples well. No obvious “funnel-shaped” amplification of residuals is
observed as the true values change; only slight systematic bias appears near samples with extremely high or low energy
consumption, suggesting that interval prediction or regularization may be introduced in boundary regions to further suppress bias.

501 maE=0.83 1201 MAE=3.25
R?=0.981 R?2=0.952 .
45 A
100 4
40 A
(# X
O
E 35 - & 80 x
g X 3
£ 30 N X k]
1] X £ x%
5 2 60 x
[-% 25 - 5 o x xx xx
x

20 1 X x 40 s

15 A

10 25— : ; ; . ; ; . 201 ; : . ; . ;

10 15 20 25 30 35 40 45 50 20 40 60 80 100 120
True MPG True EMPG
Fig.1 Scatter plots comparing predicted and true values: (a) overall fuel economy; (b) overall electric energy economy.
B. B

Compared with the baseline methods, joint learning demonstrates advantages in both robustness and the ability to account for the
two energy-consumption channels simultaneously. Table 3 presents the out-of-fold overall performance of the joint GBDT model in
terms of MAE, RMSE, and R2. Its R? remains stable within the range of 0.93-0.97, while RMSE is also maintained at a relatively
low level. Further ablation and comparative experiments in Table 4 show the following.

First, the non-shared single-task GBDT did not yield any performance gain under the present data scale and feature granularity, and
its performance was essentially identical to that of the proposed method, suggesting that a shared representation is at least not
inferior while remaining simpler to implement. Second, replacing the loss function with Huber loss enhanced robustness to outliers,
but the overall error increased in most folds, indicating that the current degree of outlier contamination is insufficient to offset the
fitting cost introduced by the robust loss. Third, adding lightweight textual features such as brand/manufacturer information to the
joint framework produced a small but stable improvement for the electric-energy channel (EMPG), with the relative MAE
decreasing by about 5%, whereas it introduced slight fluctuations in the fuel channel.

These findings indicate that incorporating a limited amount of industry prior knowledge, such as brand and platform architecture,
can help the model characterize differences on the strategy side, but has limited influence on the fuel side, where mechanical
characteristics play a more dominant role. Overall, the advantage of joint learning lies less in absolute metric gains than in its
engineering value and robustness as a “single modeling process with benefits for both channels.”
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TABLE IVVVI
OVERALL PERFORMANCE OF JOINT MODELING AND BASELINE METHODS
Method FC MAE FC RMSE FC R? EPC EPC EPC R2
MAE RMSE
Joint-GBDT (two heads with shared features, 0.94 £ 135+ 0.968 = 3.90+ 547 + 0.928 =
jointly trained) 0.12 0.18 0.013 0.58 0.42 0.023
TABLE VIIV
ABLATION AND COMPARATIVE EXPERIMENTAL RESULTS
Setting FC AMAE FC FC R? EPC AMAE EPC EPC R2
MAE RMSE MAE RMSE
Main method: Joint-GBDT 094+ 0.0% 135+ 0.968 + 390+ 0.0% 547 + 0.928 +
(squared_error) 0.12 0.18 0.013 0.58 0.42 0.023
Non-shared representation: single-task 094+ 0.0% 135+ 0.968 = 390+ 0.0% 547 + 0.928 =
GBDT (separately modeled) 0.12 0.18 0.013 0.58 0.42 0.023
Robust loss: Joint-GBDT (huber) 115  1224% 194+ 0939+ 433+ 110.8% 6.47= 0.897 +
0.33 0.76 0.036 0.92 1.28 0.043
Text enhancement: Joint-GBDT + brand  1.02 + 18.9% 158+ 0.927 = 3.72 14.8%  5.02+
features 0.36 0.81 0.102 0.53 0.55

C. Scenario Sensitivity of Equivalent Energy Consumption

As shown in Fig.2, the equivalent energy consumption (EEC) is highly sensitive to the battery-electric driving share a. When a — 0,
EEC is determined almost entirely by the fuel side, and the curve error follows the FC error. When a — 1, EEC becomes dominated
by the electric side, and the error becomes consistent with that of the electric-energy channel. In the mixed interval of « = 0.3-0.7,
the error transitions monotonically and smoothly with @. Compared with the single-task Ridge model, the joint GBDT maintains
lower out-of-fold EEC MAE at most values of a, especially in the medium-to-high arange, that is, under urban/commuting
scenarios, indicating that shared representations help simultaneously capture energy-consumption variations along both the engine
pathway and the electric-drive pathway.

This suggests that under typical urban driving conditions with relatively high «, or under suburban/highway commuting conditions
with relatively low a, deployment-side applications should provide interval estimates of EEC together with the uncertainty of «, and
should offer a scenario-sensitivity card to explicitly indicate how changes in aaffect the evaluation of overall energy consumption.

—e— Joint-GBDT
Single-task Ridge

8 -

6 -
[T
<t
=

4 -

2 -

0.0 0.2 0.4 0.6 0.8 1.0

Alpha (share of electric driving)
Fig.2 Error curves equivalent energy consumption under different values of the battery-electric driving share a.
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D. Stratified Performance

As shown in Fig.3 and Table 5, the errors exhibit structural differences across different vehicle categories (VVClass) and drive types
(Drive). From the perspective of vehicle category, the standard SUV group, which contains a relatively large sample size, shows
comparatively low MAE in both channels, whereas the small SUV and small car groups exhibit slightly higher errors. This
difference may stem from the combined influence of aerodynamic drag, tire specification, and curb mass on the calibration of
driving strategies. When stratified by drive type, the 4WD group shows an MAE slightly lower than the overall level, whereas the
2WD group is slightly higher, suggesting that under the same operating conditions, 4WD platforms may allow the model to capture

energy-consumption patterns more stably because of their richer torque distribution and energy-regeneration pathways.
Grouped MAE by Vehicle Class Grouped MAE by Drive Type

(a) w FC wa FC
o EPC 4 N EPC

6

__

Fz444444
000

T4

Zi/44444

% & 4WD 2

Fig.3 Stratified MAE: (a) grouped by vehicle category; (b) grouped by drive type.

=
=

D

From the perspective of statistical significance, however, because of the five-fold design and the limited sample size in some
subgroups, the sign-test p -values are mostly only indicative. Accordingly, these differences should be interpreted more as
directional engineering trends than as definitive statistical conclusions. In future research or deployment, sparsely sampled fine-
grained categories may be merged, or hierarchical priors may be introduced to improve estimation stability and testing power.

TABLE V
STRATIFIED STATISTICS AND SIGNIFICANCE

Classification Group Samplesize  FCMAE FCAMAE FCp EPCMAE EPCAMAE EPCp

VClass standard SUV 36 0.57 139.2% 0.062 2.24 142.7% 0.375
VClass small car 26 0.99 15.9% 0.375 4.45 114.0% 1.000
VClass small SUV 34 1.21 128.7% 0.375 5.61 143.7% 0.375
Drive 4WD 120 0.88 15.5% 1.000 3.88 10.7% 1.000
Drive 2WD 22 1.21 129.5% 1.000 4.01 12.6% 1.000

Taken together with the residual pattern in Fig.1 and the stratified comparison in Fig.3, the model appears to exhibit slight
systematic underestimation/overestimation tendencies at the high-energy-consumption end, which is consistent with the small
number of outliers among extreme samples. The interaction between VVClass x Drive has greater explanatory power for residuals in
the electric channel: on the one hand, electric-drive systems are more sensitive than the fuel channel to SOC, temperature, and
energy-regeneration strategy; on the other hand, differences in the energy loop during regenerative braking and re-acceleration on
SUV and 4WD platforms more readily reflect brand- and platform-specific calibration characteristics. These observations suggest
two possible directions for improvement: first, explicitly introducing stratified conditional encoding into the joint framework, for
example by using VVClass, Drive, or platform code as conditioning variables, so that the model can preserve group-specific bias in
addition to the shared representation; second, introducing local models or monotonic/shape constraints in high-residual regions to
ensure more robust extrapolation at both the high- and low-energy-consumption ends.
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IV.CONCLUSION
This study proposes and validates a joint modeling approach for both fuel economy and equivalent electricity consumption. Within a
unified feature space, a multi-task learning framework with shared representations is adopted, and five-fold out-of-fold evaluation is
conducted on the official PHEV dataset released by the U.S. Energy Information Administration. The results show that the model
achieves an overall level of accuracy that is practically useful for engineering applications across both energy-consumption channels,
with out-of-fold MAE values of approximately 0.9 / 3.9 and corresponding R? values of approximately 0.97 / 0.93. The equivalent
energy-consumption indicator, EMPG, exhibits clear scenario sensitivity to the battery-electric driving share, o, and the prediction
error transitions smoothly across the interval from FC-dominant to EPC-dominant behavior.
Stratified analysis further reveals directional differences among different vehicle categories and drive types in terms of error
structure and sensitivity. This provides empirical evidence for the subsequent introduction of conditional modeling and targeted
post-processing, and indicates that, compared with simple grouped modeling or single-task modeling, the proposed joint modeling
approach achieves a more appropriate balance among accuracy, stability, and interpretability. Although the model still has
limitations in out-of-domain generalization and in sparsely sampled subgroups, the proposed framework has clear application
potential in regulatory disclosure, product development, and user-oriented energy-consumption guidance, especially through the
incorporation of additional key technical and usage features, the explicit modeling of hierarchical conditions such as vehicle
category and drive type, and the introduction of uncertainty evaluation.
Future work will focus on recalibration based on domestic catalog and real-world test data, as well as fusion modeling using multi-
source information, including on-board operational data, road conditions, and climatic factors, in order to further improve the
model’s robustness and interpretability under real driving conditions and across different climate zones.
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