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Abstract: In this paper, we develop a hybrid prediction framework for accurate electric vehicle
(EV) charging time estimation, a capability that is critical for trip planning, user satisfaction,
and efficient operation of charging infrastructure. We combine a physics-informed gradient
boosting model with a reinforcement learning (RL) approach. The physics-informed component
captures the nonlinear constant-current/constant-voltage (CC–CV) charging dynamics and
explicitly models state-of-health (SoH)–dependent capacity and power fade, providing a reliable
baseline when historical data are limited. Building on this foundation, we introduce an RL
component that progressively refines charging-time predictions as operational data accumulate,
enabling improved long-term adaptation. Both models incorporate SoH degradation to maintain
predictive accuracy over the battery lifetime. We evaluate the framework using 5,000 simulated
charging sessions calibrated to manufacturer specifications and publicly available EV charging
datasets. Our results show that the physics-informed gradient boosting model achieves coefficient
of determination R2=98.5% and mean absolute percentage error MAPE=2.1%, while the RL
model further improves performance to R2=99.2% and MAPE=1.6%, corresponding to a 23%
accuracy gain over the physics-informed model and 35% improved robustness to battery aging
compared to a linear baseline.
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1. INTRODUCTION

Electric vehicle (EV) adoption is accelerating worldwide,
with the global fleet expected to reach nearly 145 million
units by 2030 (Un-Noor et al., 2017; Bang and Malikopou-
los, 2022; Zhao and Malikopoulos, 2022). Despite this rapid
growth, uncertainty in charging time remains a critical
barrier to broader EV adoption (Bai et al., 2023). Unlike
conventional refueling (∼3–5 min), EV charging spans 20
minutes to several hours depending on battery charac-
teristics, charger rating, ambient temperature, and grid
conditions (Mao et al., 2019; Bai et al., 2025). A charging
session is defined as the complete process of charging
an EV battery from an initial state-of-charge (SoC) to a
specified target level (e.g., from 20% to 80%). Accurately
predicting session duration is crucial for trip planning, fleet
dispatching and routing, demand response, and charging
infrastructure operation (Clement-Nyns et al., 2010; Un-
Noor et al., 2017; Bai et al., 2024; Wang et al., 2025).

⋆ This research was supported in part by NSF under Grants CNS-
2401007, CMMI-234881, IIS-2415478, and in part by MathWorks.
The work of Bai was also supported by the Research Start-Up Fund
from Shanghai Jiao Tong University under Grant WL220203203.

The core difficulty arises from the nonlinear CC-CV charg-
ing protocol (Notten et al., 2005): a constant-current (CC)
phase charges at maximum power to ≈80% SoC, followed
by a constant-voltage (CV) phase where power tapers
exponentially to prevent lithium plating. This tapering
causes the final 20% of charging to take nearly as long
as the first 60%, and simple linear approximations of-
ten exceed 60% error (Richardson, 2013). Battery SoH
degradation (capacity and power fade) further introduces
20–30% deviations in charging behavior over a battery
lifetime (Birkl et al., 2017; Han et al., 2019; Connor et al.,
2020).

Existing methods fall into three classes. Physics-based
electrochemical models (Chen et al., 2020) are accurate
under known conditions but require proprietary param-
eters (diffusion coefficients, reaction rates, internal resis-
tances) rarely accessible to third-party developers, and
reach 15–20% MAPE on heterogeneous fleets (Richardson,
2013; Wang et al., 2021). Data-driven approaches (neural
networks (How et al., 2019), gradient boosting (Roman
et al., 2021)) suffer a cold-start problem, needing 2,000–
5,000 sessions per vehicle type for sub-5% MAPE (Mao
et al., 2019), and exhibit 25–40% MAPE in early deploy-
ment (Chen et al., 2020). Heuristic models are simple
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but underestimate charging time by 15–60% (Richardson,
2013). No existing framework jointly addresses (i) reliable
cold-start prediction with limited data and (ii) long-term
adaptation to battery aging.

We bridge these gaps with a three-stage hybrid framework
integrating physics-based insight with RL. Stage 1 (cold-
start, < 500 sessions) uses a physics-informed gradient
boosting model. Stage 2 (transition, 500–1500) introduces
a deep Q-network (DQN) agent refining predictions using
the physics model for initialization and SoH-aware reward
shaping. Stage 3 (data-rich, >1500) uses the RL agent as
primary predictor with the physics model as fallback. The
contributions of this work are as follows: (i) A physics-
informed gradient boosting model is developed to capture
the nonlinear characteristics of CC-CV charging and SoH-
dependent degradation. (ii) A progressive learning strat-
egy is designed to enable cold-start deployment and con-
tinuously improve performance as more operational data
become available. (iii) SoH information is integrated into
both feature engineering and RL reward design to enhance
robustness and support long-term adaptive operation.

The rest of the paper is organized as follows. Section 2
formulates the charging time prediction problem. Sec-
tion 3 introduces the physics-informed model and Section 4
presents the RL framework. Section 5 provides results,
followed by concluding remarks in Section 6.

2. PROBLEM FORMULATION

2.1 Charging Session and SoH Degradation

A charging session C=(sini, sfinal, tc, Ps, SoH, Tamb) is char-
acterized by initial/target SoC sini, sfinal ∈ [0, 1], charging
time tc ∈ R+ (min), station power Ps (kW), battery
SoH∈ [0, 1], and ambient temperature Tamb (°C). Vehicle
parameters include nominal capacity Cnom

bat (kWh), maxi-
mum power P nom

max (kW), voltage Vnom (V), and cable limit
Pcable (kW).

SoH is treated as a known input, continuously estimated
by the on-board battery management system (BMS) via
Coulomb counting or model-based observers (Chen et al.,
2020; Wang et al., 2021). Degradation manifests as capac-
ity fade and power fade (Birkl et al., 2017; Han et al.,
2019), modeled as

Ceff
bat = Cnom

bat · SoH, (1)

P eff
max(SoH) = P nom

max · (0.85 + 0.15 · SoH), (2)

consistent with empirical degradation studies (Chen et al.,
2020; Wang et al., 2021). The asymmetric model reflects
that power fade is less severe than capacity fade, with bat-
teries retaining ≈85% peak power even at full degradation
while capacity approaches zero.

2.2 CC-CV Charging Dynamics with SoH

The CC-CV protocol consists of two distinct phases. Dur-
ing the CC phase, the battery charges at its maximum
acceptable power until reaching the transition point sCV≈
0.8 SoC. Beyond this, the CV phase applies exponential
power tapering to mitigate lithium plating (Notten et al.,
2005). This two-phase structure introduces strong nonlin-
earity, further compounded by SoH-dependent power ac-

ceptance, making accurate charging time prediction chal-
lenging. To capture these dynamics, charging time is com-
puted by integrating over the SoC trajectory:

tc =

∫ sfinal

sini

Ceff
bat

P (s, Ps, SoH, Tamb)
ds, (3)

where P (·) = min{Pv(s, SoH, Tamb), Ps, Pcable} and the
SoH-dependent vehicle power acceptance is

Pv(s, SoH, Tamb)=

{
P eff
max · ηT (T ), s < sCV,

P eff
max · ηT (T ) · τ(s), s ≥ sCV,

with τ(s)=exp(−ktaper(s−sCV)), ktaper∈ [5, 15], and ηT (T )
the temperature-dependent efficiency factor (Ji et al.,
2013; Jaguemont et al., 2016). Given (sini, sfinal), vehicle
parameters (Cnom

bat , P nom
max , Vnom, Pcable), station power Ps,

battery SoH, and Tamb, our goal is to predict tc while
accounting for CC-CV nonlinearities and battery aging.
Variations in sCV due to temperature and degradation are
implicitly captured through the physics-informed feature
engineering introduced in Section 3.

3. PHYSICS-INFORMED GRADIENT BOOSTING
MODEL

Gradient boosting (Friedman, 2001; Chen and Guestrin,
2016) builds an ensemble of decision trees sequentially,
each correcting prior residuals, and generalizes well in
low-data regimes. However, raw battery parameters do
not encode CC-CV phase structure or SoH interactions,
so we introduce physics-informed features to embed these
dynamics directly into model inputs before training.

3.1 Feature Engineering

For each SoC point sk along the charging trajectory, the
base feature vector is

xbase,k =
[
sk, C

nom
bat,k, P

nom
max,k, Tamb,k,

Pcable,k, SoHk, C
eff
bat,k, P

eff
max,k

]⊤
, (4)

where Ceff
bat,k and P eff

max,k follow (1)–(2). Session-level con-

stants (e.g., Cnom
bat , SoH) are replicated at each step. Three

feature groups augment this base:

Polynomial SoC: ϕpoly(s) = [s, s2, s3, s4, s5,
√
s, log(s+

ϵ)]⊤ (ϵ=10−6) captures nonlinear state-dependent dynam-
ics.

CC-CV transition: With δ=max(0, s−0.8), ϕtaper(s)=

[δ, δ2, δ3, exp(−10δ)]⊤. The polynomial terms capture
progressively steeper tapering; the exponential term di-
rectly mirrors the physical tapering function τ(s), enabling
the model to learn CV-phase decay even with limited
data (Malikopoulos, 2023, 2024).

SoH interactions: ϕSoH = [s·SoH, s2·SoH, SoH2, s(1−
SoH), δ(1−SoH), Ceff

bat/C
nom
bat , P eff

max/P
nom
max ]

⊤ models how
degradation alters the charging profile.

The complete engineered feature vector (dim = 26) con-
catenates all groups:

xeng
k =[x⊤

base,k,ϕ
⊤
poly(sk),ϕ

⊤
taper(sk),ϕ

⊤
SoH(sk, SoH)]

⊤. (5)
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Table 1. Gradient boosting hyperparameter
optimization (5-fold CV).

Parameter Search Range Optimal R2

M (trees) [100, 500, 1000, 2000] 1000 0.985
dmax (depth) [5, 7, 10, 15, 20] 10 0.983
ν (learning rate) [0.01, 0.03, 0.05, 0.1] 0.03 0.982
nsplit (min split) [2, 5, 10] 2 0.984

3.2 XGBoost Prediction and Hyperparameter Optimization

The predicted power at each SoC point sk is

P̂ (xeng
k ) = f0 +

∑M
m=1 ν hm(xeng

k ), (6)

where f0 is the mean training power, ν the learning rate,
and hm : R26→R the m-th decision tree. Charging time is
obtained by numerically integrating (3) via the trapezoidal
rule over N=100 SoC steps:

tc = 60 · Ceff
bat ·∆s

N−1∑
k=0

P̂−1
k , (7)

where ∆s = (sfinal − sini)/N and 60 converts hours to
minutes (< 5 ms per prediction). Hyperparameters were
selected via 5-fold cross-validation (Table 1), using the
coefficient of determination

R2 = 1−
∑

i(tc,i − t̂c,i)
2∑

i(tc,i − t̄c)2
, (8)

where t̄c=
1
n

∑
i tc,i is the mean true charging time over all

n test samples. We select M=1000 (performance plateaus
beyond 800 trees, ∆R2 < 0.001), dmax = 10 (deeper trees
overfit), ν=0.03 (stable convergence), and nsplit=2 (fine-
grained CC-CV splits without overfitting).

4. RL MODEL INTEGRATED WITH SOH

While the physics-informed model provides accurate pre-
dictions with limited data, it relies on fixed feature en-
gineering and cannot improve autonomously from ex-
perience. We develop a complementary DQN approach
that progressively learns optimal predictions from accumu-
lated sessions, treating prediction as a sequential decision-
making problem.

4.1 MDP Formulation

We formulate charging time prediction as an MDP
(S,A,P,R, γ).

State: sℓ=[sℓ, SoH, Tamb, Ps, C
nom
bat , Vpack,ℓ, Iℓ,∆telapsed, Ed]

⊤,
where Vpack,ℓ is pack voltage, Iℓ current, and Ed cumula-
tive delivered energy.

Action: The agent predicts charging power, discretized
into |A|=50 levels over [0, P nom

max ]:

A =
{
Pi = i · P nom

max /49 : i = 0, 1, . . . , 49
}
. (9)

We adopt a discrete rather than continuous action space
(e.g., DDPG, PPO) because: (i) charger power electronics
operate in discrete steps; (ii) 50 levels (≈ 3% resolu-
tion) suffice to capture CV-phase tapering; and (iii) DQN
with our physics-seeded buffer converges reliably, whereas
actor-critic methods require substantially larger replay
buffers in this setting.

Table 2. DQN hyperparameter optimization.

Parameter Search Range Optimal
Episodes to

98% R2

Learning rate α [0.001, 0.0001, 0.00005] 0.0001 8,000
Discount γ [0.95, 0.97, 0.99, 0.995] 0.99 8,000
Replay buffer [10k, 50k, 100k] 50,000 8,000
Batch size [32, 64, 128, 256] 128 8,000
Init. buffer [500, 1000, 2000] 1,000 8,000

Reward: At each step ℓ,

Rℓ=− |P pred
ℓ −P actual

ℓ | − λSoH max(0, P pred
ℓ −P eff

max)

− λCVI(sℓ>0.8)|P pred
ℓ −Ptarget,ℓ|,

with λSoH=10 penalizing SoH-limit violations and λCV=5
guiding CV-phase accuracy. Discount factor γ=0.99.

4.2 DQN Architecture, Progressive Learning, and Pipeline

The Q-network approximates Q(s, a;θ) via three hidden
layers (256-128-64 units, ReLU) with layer normalization
on the first two and dropout 0.2. The target network θ−

synchronizes with θ every 100 gradient steps. Training uses
Adam (α=10−4) to minimize

L(θ) = E
[(
R+γmax

a′
Q(s′, a′;θ−)−Q(s, a;θ)

)2]
,

with experience replay (buffer 50k, batch 128).

The progressive learning strategy operates across three
stages: (1) Cold-start (Nsamples < 500): the physics-
informed model provides all predictions while populating
the replay buffer with physics-consistent transitions, avoid-
ing poor performance from random exploration. (2) Tran-
sition (500 ≤ Nsamples < 1500): the DQN trains on
the seeded buffer with ϵ-greedy policy (ϵ decaying lin-
early 0.3 → 0.1); the physics-informed model continues
to cover out-of-distribution states. (3) RL dominance
(Nsamples≥1500): DQN is the primary predictor (ϵ=0.05),
with the physics model as fallback. This reduces conver-
gence time by 67% vs. random initialization (8,000 vs.
24,000 episodes to 98% R2, measured over 5 independent
training runs).

At inference, engineered features are standardized as
S(x)=(x−µ)/σ, where µ,σ∈R26 are training-set feature-
wise mean and standard deviation. The predicted power
sequence {P̂k} is obtained greedily from the DQN (or

physics model in stages 1–2, with P̂ referring interchange-
ably to whichever model is active), and tc is computed
via (7).

DQN hyperparameters, optimized over 50 independent
training runs to a 98% R2 threshold, are given in Table 2.
The initial buffer seeded by the physics model achieves
90% of final performance by episode 1,200 vs. over 5,000
with random initialization.

5. RESULTS AND ANALYSIS

5.1 Experimental Setup

We evaluate on 5,000 simulated EV charging sessions
(SoC: 5–95%, capacity: 60–100 kWh, power: 7–150 kW,
temperature: −10 to 40°C, SoH: 70–100%) generated by
equivalent circuit models (ECM) with second-order RC
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Fig. 1. Comparison of charging time trajectories.

networks calibrated to manufacturer datasheets (Nissan
Leaf, Tesla Model 3, Chevrolet Bolt, Porsche Taycan). CC-
CV transitions follow voltage-dependent current tapering
Icv = Imax exp(−k(V −Vcv)) with k=0.5. Data were split
64/16/20% (train/val/test) via stratified sampling across
compact (60 kWh), mid-size (75 kWh), luxury (85 kWh),
and performance (100 kWh) vehicle categories. Validation
against real-world datasets (e.g., ACN-Data) is left for
future work.

We compare four models: (i) Linear Baseline (constant-
power approximation); (ii) LSTM Baseline (2-layer,
128 units per layer, trained on raw features without
physics-informed engineering (How et al., 2019), serving
as a non-hybrid deep learning reference); (iii) Physics-
Inf. GB (Section 3); (iv) Proposed DQN (Section 4).
Metrics: R2, RMSE, MAE, MAPE, MaxE. The code
implementation is available online. 1

5.2 Charging-Time Prediction Accuracy

Figs. 1–2 compare the predicted charging-time trajectories
and error distributions. It shows that the linear base-
line consistently underestimates beyond 80% SoC where
CV-phase tapering dominates. The physics-informed GB
closely follows the ground truth. The DQN achieves the
highest fidelity across the full SoC range, with prediction
errors tightly concentrated around zero. The LSTM, lack-
ing physics-informed features, shows wider error spread
particularly in the CV phase.

Table 3 summarizes quantitative results. The physics-
informed GB achieves 2.1% MAPE, a 92.6% improve-
ment over the linear baseline. The LSTM reaches 4.3%
MAPE, confirming the advantage of physics-informed fea-
tures over end-to-end deep learning. The DQN further
reduces MAPE to 1.6% (23.8% improvement over GB),
with inference time ≈12 ms vs. ≈5 ms for GB—both well
within real-time requirements.

5.3 Model Learning Behavior

Fig. 3 shows R2 performance vs. the number of train-
ing sessions. The physics-informed GB model converges
1 See code at: https://github.com/IDS-Lab-Cornell/EV-Charging-
Prediction

Fig. 2. Prediction error distributions. The DQN achieves
the tightest concentration around zero.

Table 3. Performance metrics on test set.

Model R2 RMSE
(min)

MAE
(min)

MAPE
(%)

MaxE
(min)

Linear Baseline 0.412 10.34 8.72 28.4 42.1
LSTM Baseline 0.961 2.84 2.19 4.3 11.6
Physics-Inf. GB 0.985 1.67 1.21 2.1 6.8
Proposed DQN 0.992 1.21 0.89 1.6 4.2

Fig. 3. Model R2 vs. training data. The DQN surpasses
the physics-informed GB at ≈1,200 sessions.

quickly, reaching 95% of its final R2 with only 400 sam-
ples; its physics-informed feature engineering provides a
strong structural prior that reduces the amount of data
required to calibrate the power mapping. Performance
then plateaus as additional data offer diminishing returns
under the fixed feature set. In contrast, the RL agent
starts with lower accuracy in the cold-start phase but
steadily improves as the experience replay buffer fills with
diverse charging scenarios, surpassing the GB model after
≈ 1,200 training sessions. This crossover is the point at
which data-driven learning, unconstrained by fixed feature
engineering, begins to exceed parametric modeling. The
progressive initialization strategy is key: without physics-
seeded buffer bootstrapping, the RL agent requires ap-
proximately 24,000 episodes to reach the same 98% R2

threshold, compared to 8,000 episodes with initialization–a
67% reduction in convergence time. Shaded regions denote
95% confidence intervals over 5 independent training runs.
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Fig. 4. Prediction MAPE across SoH conditions.

5.4 Impact of Battery Aging

Fig. 4 evaluates MAPE across five SoH bands ranging from
new (95–100%) to poor (70–80%) batteries. Moving from
new to degraded conditions, the linear baseline’s MAPE
increases by 59%, as it cannot account for any capacity
or power fade. The physics-informed GB model degrades
by 105% across the same range: although SoH interaction
features are engineered into the model, the fixed feature
structure cannot fully capture how degradation progres-
sively reshapes the CC-CV power profile as batteries age.
In contrast, the DQN degrades by only 71%, demonstrat-
ing 35% better aging adaptation through its learned SoH-
power interactions. Because the RL agent observes actual
power delivery at each step and receives SoH-aware re-
ward penalties, it develops an internal representation of
degradation effects that generalizes more robustly than
any fixed polynomial encoding. Across all SoH bands, the
proposed DQN consistently achieves the lowest MAPE,
with the advantage over the GB model growing as batteries
degrade.

5.5 Feature Importance Analysis

Figs. 5–6 show feature importances computed via XG-
Boost’s built-in gain metric, measuring average loss im-
provement per feature across all tree splits (Chen and
Guestrin, 2016). At the category level (Fig. 5), physi-
cal limits dominate (32%), followed by SoH interactions
(28%), SoC polynomials (22%), and CC-CV indicators
(12%). The individual analysis (Fig. 6) highlights that
CV tapering features (CV Taper2, CV Taper3) contribute
18% of predictive power, and SoH-related features (SoH2,
SOC×SoH, CV×SoH) appear prominently, validating the
degradation-aware design. Overall, engineered nonlinear
transformations account for 62% of predictive power, ex-
plaining the 28.4%→2.1%MAPE improvement over linear
models. Temperature features contribute ≈6%.

5.6 RL Training Stability

Fig. 7 shows training dynamics over 10,000 episodes.
Episode rewards improve from −12 to −2.5 and stabi-
lize after episode 6,000, while Q-values converge to the
15–18 range, indicating stable value estimation and con-
sistent policy learning. The epsilon decay from 0.3 to
0.05 supports a smooth and controlled shift from explo-
ration to exploitation, avoiding premature convergence

Fig. 5. Category-level feature importance (XGBoost gain
metric).

Fig. 6. Top 15 individual features in CV-phase modeling
(XGBoost gain metric).

to suboptimal policies. The heatmap in the lower panel
displays the agent’s per-step MAE across the SoC–SoH
state space. Deep blue regions at low SoC levels in early
training indicate initial difficulty where battery dynam-
ics are most variable and the physics-seeded buffer pro-
vides relatively sparse coverage. As training progresses,
the agent transitions to near-uniform low MAE across the
state space, demonstrating effective generalization. No-
tably, the DQN maintains low prediction error across the
CC-CV transition boundary at 80% SoC, a region where
the charging profile changes sharply and where many
fixed-feature models struggle. This convergence demon-
strates the RL model’s ability to adaptively learn complex
state-dependent dynamics through experience, ultimately
achieving 1.6% MAPE on the held-out test set.

6. CONCLUSION

In this paper, we presented a hybrid physics-informed and
RL framework for EV charging time prediction that cap-
tures the nonlinear CC–CV dynamics while explicitly ac-
counting for battery degradation. We formulated charging
time as an SoH-dependent integral over the CC–CV trajec-
tory and developed a physics-informed gradient boosting
model that provides accurate predictions even with lim-
ited training data. Building on this, a DQN framework
progressively improves prediction accuracy as data accu-
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Fig. 7. RL training stability over 10,000 episodes.

mulate via a physics-seeded progressive learning strategy.
Numerical studies showed that the physics-informed GB
model achieves a 92.6% improvement over linear methods,
while the DQN adds a further 23.8% accuracy gain and
35% better SoH adaptation. Comparison with an LSTM
baseline confirms the advantage of embedding physics-
informed features over end-to-end data-driven approaches.
In future work, we will validate the framework using real-
world EV fleet data (e.g., ACN-Data), extend the model
to incorporate thermal dynamics and battery management
systems, and investigate continuous-action RL algorithms
for smoother CV-phase estimation.
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