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ABSTRACT
Battery energy storage systems (BESSs) are increasingly dispatched to provide fexibility services in renewable-dominated power
systems. However, conventional battery analytics focuses on state-of-health (SOH) and remaining useful life (RUL), which describe
long-term degradation rather than short-term operational safety. In practical grid operation, the relevant decision is whether
a battery can reliably complete a specifc service commitment within a predefned time horizon. This paper reformulates battery
prognostics as an operational reliability estimation problem and proposes a decision-oriented framework based on multihorizon
discrete-time hazard learning. The method predicts the probability of failure within a service window and applies probability
calibration to obtain a trustworthy risk metric. The calibrated risk is integrated into a reliability-aware dispatch policy that
regulates participation in fexibility according to an acceptable failure tolerance. The framework is evaluated on 37 lithium-ion
batteries using leave-battery-out cross-validation to ensure cross-device generalization. The hazard model achieves strong dis-
crimination performance, reaching an area under the ROC curve (AUC) of 0.944 before calibration for the 20-cycle horizon. After
probability calibration, the operational probabilities used for decision-making achieve an AUC of 0.891 with a Brier score of 0.064,
demonstrating reliable probabilistic risk estimation across service horizons. When incorporated into dispatch decisions, the
reliability-aware policy reduces the operational failure rate from 10.3% to 2.95% and increases delivered energy from 43.4 to
47.0 kWh compared with non-reliability-aware operation. An early-life analysis further shows that operational risk becomes
predictable only after degradation observability emerges, distinguishing reliability estimation from long-term lifetime prediction.
The results demonstrate that battery management for power systems should transition from predicting lifetime to controlling
operational risk. The proposed framework provides an interpretable reliability signal enabling safe participation of storage assets in
fexibility markets and bridges the gap between battery diagnostics and operational decision-making.

1 | Introduction

Battery energy storage systems (BESSs) have become essential
operational assets in power systems with high renewable pen-
etration, providing peak shaving, renewable smoothing, and
ancillary regulation services [1]. In such applications, operators
must determine not only how much energy a battery can deliver

but also whether it can reliably complete a scheduled service
within a predefned duration. Consequently, operational plan-
ning requires a reliability-oriented decision variable rather than
a purely diagnostic health indicator.

Most battery analytics focus on estimating state-of-health (SOH)
and remaining useful life (RUL), which characterize long-term
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degradation behavior [2–4]. Data-driven approaches using deep
learning and sequence models have signifcantly improved
lifetime prediction accuracy [5, 6], while physics-informed
models incorporate electrochemical knowledge to enhance ro-
bustness [7]. Transfer learning and cross-condition learning
further improve generalization across batteries and operating
regimes [8–10]. These advances enable improved maintenance
planning and lifecycle estimation.

However, lifetime prediction does not directly provide opera-
tional safety. A battery with a long predicted RUL may still fail
during a high-power dispatch, whereas a degraded battery may
safely complete a short service. This mismatch arises because
prognostic indicators estimate time-to-failure, while grid oper-
ation requires the probability of failure within a specifed service
window. Uncertainty-aware and probabilistic prognostics
quantify prediction confdence [11–13], but they do not directly
provide a decision variable aligned with operational dispatch
horizons.

Reliability-oriented approaches based on survival and hazard
modeling estimate failure probability rather than deterministic
lifetime [14, 15]. In parallel, degradation-aware optimization
incorporates aging constraints into dispatch planning [16].
Nevertheless, existing methods typically evaluate reliability at
a single horizon or rely on heuristic thresholds, preventing direct
translation into operational decision-making across multiple
service durations.

Therefore, a gap exists between battery prognostics and grid
operation: current models predict degradation, whereas power-
system control requires a calibrated probability that a battery
cannot safely complete a predefned service interval.

This paper addresses this gap by reformulating battery prog-
nostics as an operational reliability estimation problem. Instead
of predicting lifetime, the proposed framework estimates failure
probability across multiple service horizons using discrete-time
hazard learning and converts the calibrated risk into a dispatch
constraint.

The main contributions are as follows:

• A decision-oriented paradigm transforming lifetime pre-
diction into service-horizon reliability estimation.

• A multihorizon hazard learning framework producing
calibrated operational failure probabilities.

• A reliability-aware dispatch policy enabling controllable
trade-of between utilization and safety.

• Cross-battery validation demonstrating transferable proba-
bilistic prediction and improved operational performance.

The remainder of the paper is organized as follows. Section 2
reviews the related work. Section 3 presents the methodology.
Section 4 provides experimental validation. Section 5 discusses
implications and limitations. Section 6 concludes the paper.

2 | Related Work

Battery prognostics research can be broadly categorized into four
directions: health estimation, lifetime prediction, probabilistic
reliability modeling, and degradation-aware operation. While
each contributes to understanding degradation behavior, none

directly provides an operational reliability decision aligned with
grid service commitments.

2.1 | Data-Driven Battery Health Estimation

Battery management systems (BMSs) commonly assess degra-
dation using SOH indicators derived from voltage, current, and
temperature measurements. Machine learning and deep learning
models have signifcantly improved SOH estimation accuracy
under varying operating conditions [17–20]. Attention mecha-
nisms and feature fusion methods enhance robustness across
load profles [21, 22], while transfer learning enables general-
ization across battery types and domains [23, 24].

Recent work in battery prognostics and health management
has emphasized data-driven anomaly detection and failure
prediction using system behavior monitoring and degradation
trajectory analysis [25, 26]. In addition, recent reviews
highlight the importance of combining experimental mea-
surement, modeling, and data-driven techniques for accurate
estimation of battery operational states such as state of charge
and SOH [27].

Although these approaches provide accurate diagnostic in-
dicators, the estimated health value does not directly determine
whether a battery can safely execute a specifc service within
a predefned duration.

2.2 | Remaining Useful Life Prediction and
Uncertainty Modeling

Remaining useful life prediction estimates the time until end-
of-life (EOL) using regression-based machine learning, sequence
models and hybrid degradation approaches [3, 6, 28, 29]. Early-
cycle prediction methods infer lifetime before signifcant aging
occurs [4, 30], and uncertainty-aware methods provide conf-
dence bounds through probabilistic inference and ensemble
learning [29–32].

Physics-based degradation models have also been widely used to
study capacity fade mechanisms in lithium-ion batteries. For
instance, electrochemical models incorporating degradation
mechanisms such as SEI layer growth and side reactions have
been developed to analyze long-term capacity loss and aging
processes [33, 34].

These approaches describe when failure may occur, but opera-
tional decision-making requires determining whether failure
may occur within the next service interval. Consequently, life-
time prediction does not directly provide actionable operational
reliability.

2.3 | Reliability and Survival-Based Modeling

To address deterministic lifetime limitations, several studies
model degradation using stochastic reliability and survival
analysis [13, 35, 36]. These methods estimate hazard and survival
probabilities, ofering a probabilistic interpretation of failure
behavior. Reliability modeling has also been widely applied in
power system risk assessment [37, 38].

Recent studies in prognostics and health management further
explore predictive frameworks that combine data-driven moni-
toring with system-level anomaly detection for battery reliability
evaluation [39, 40].
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However, existing reliability formulations typically evaluate
failure probability at a single prediction horizon. Therefore, they
cannot represent operational risk across multiple service dura-
tions required in fexibility markets.

2.4 | Degradation-Aware Operation of Energy
Storage Systems

Recent research integrates battery aging into energy manage-
ment and dispatch optimization [12, 37–41]. These approaches
improve economic operation and protect the lifetime by im-
posing degradation constraints. Nevertheless, operational de-
cisions are derived from heuristic thresholds or simplifed aging
proxies rather than a learned reliability probability. As a result,
dispatch remains indirectly linked to degradation rather than
derived from calibrated risk estimation.

2.5 | Existing Research Limitations

Existing research can, therefore, be categorized into four directions:
health estimation, lifetime prediction, probabilistic reliability
modeling, and degradation-aware operation. While each improves
understanding of degradation behavior, none directly provides
a decision variable answering the operational question:

Can the battery safely perform the next service within a predefned
horizon?

The missing element is a calibrated probability of failure defned
across multiple service horizons and directly usable as a dispatch
constraint.

To highlight the distinction between existing approaches and the
proposed framework, Table 1 summarizes the operational rele-
vance of major research categories. The comparison emphasizes
that prior methods primarily estimate degradation or lifetime,
whereas the proposed approach directly produces an operational
reliability variable usable for dispatch decision-making.

The comparison demonstrates that existing approaches either
estimate degradation or incorporate reliability indirectly into
optimization. In contrast, the proposed framework introduces
a calibrated multihorizon failure probability that can directly
serve as an operational decision variable.

3 | Methodology

The proposed framework integrates prediction and control in
a unifed pipeline. Instead of estimating degradation indicators
for maintenance purposes, the model directly evaluates opera-
tional safety over future service horizons. The predicted failure
probability is calibrated and converted into a dispatch constraint,
enabling batteries to participate in fexibility markets only when
reliability requirements are satisfed. The overall operational
decision framework is illustrated in Figure 1.

3.1 | Operational Reliability Formulation

Conventional battery prognostics primarily focus on estimating
degradation-oriented indicators such as SOH or RUL. While
these metrics are suitable for maintenance scheduling, grid-level
fexibility services require a diferent operational decision: de-
termining whether the battery can reliably complete a forth-
coming service commitment of predefned duration. T
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In this work, the term failure refers to operational service failure,
defned as the inability of a battery to successfully complete
a requested service within a specifed operational horizon. This
defnition difers from catastrophic safety failures (e.g., thermal
runaway) and from permanent EOL conditions used in degra-
dation studies. Instead, the objective is to evaluate whether the
battery can reliably deliver the required energy for a short-term
operational commitment.

To address this mismatch, the proposed framework reformulates
battery diagnostics as a fnite-horizon reliability prediction task
rather than a lifetime regression problem.

For a battery observed at cycle t, a binary operational event is
defned as follows:

yt,H =
1, if  failure occurs within (t,  t + H],

0, otherwise,
{ (1)

where H denotes the service horizon. Instead of predicting total
lifetime, the objective is to estimate the conditional probability of
failure within this horizon.

Pfail(t,H) = P  Tf ≤ t + H ∣Tf > t, xt( ), (2)

where Tf is the failure cycle and xt represents the measurements
available at the cycle t. This formulation converts battery health
assessment into a discrete-time survival analysis problem, di-
rectly aligned with operational decision-making. Consequently,
the model produces a risk measure interpretable by grid oper-
ators, enabling dispatch decisions based on short-term reliability
rather than long-term degradation indicators.

3.2 | Feature Representation

The proposed framework utilizes only measurements commonly
available in standard BMSs, ensuring practical deployability and

facilitating transferability across battery types without requiring
specialized electrochemical sensing. For each cycle t, the feature
vector is defned as

xt = SOHt,Vavg, Iavg,Tavg,  duration, t{ }. (3)

Rather than relying on handcrafted degradation indicators, the
method learns degradation dynamics directly from temporal
evolution in the measurements. To this end, a rolling historical
window is constructed as follows:

Xt = xt−w, … , xt[ ], (4)

where w denotes the observation window length. This formu-
lation enables the model to capture degradation trajectories and
transition patterns over time, instead of inferring reliability from
a single static health snapshot. Consequently, operational risk is
derived from learned temporal behavior, improving general-
ization across heterogeneous batteries and operating conditions.

3.3 | Multihorizon Discrete-Time Hazard Learning

Because the operational risk of a battery depends on the duration
of the requested service, reliability must be assessed across
multiple commitment lengths rather than a single prediction
horizon. The framework, therefore, performs multihorizon
learning, simultaneously estimating risk for a set of service
durations.

H ∈ 10, 20, 30, 50{ }. (5)

For each horizon, a conditional discrete-time hazard function is
defned as

h(t,H) = P  Tf = t + H ∣ Tf > t, Xt( ). (6)

Battery measurements

Cycle feature extraction

Soh computation

Multi-horizon event labeling

Hazard learning model

Probability calibration

Risk threshold policy

Operational energy offer

Allow/deny flexibility

FIGURE 1 | Decision-oriented battery reliability learning framework.
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Representing the probability that failure occurs exactly at the
future step t + H Given survival up to the cycle t. The corre-
sponding survival probability over the interval (t, t + H) is

S(t,H) = ∏
H

k=1
(1 − h(t, k)), (7)

and the cumulative probability of failure within the service
horizon becomes

Pfail(t,H) = 1 − S(t,H). (8)

The predictive model learns the mapping

fθ: Xt ⟶ Pfail(t,H) (9)

by jointly optimizing all horizons using a binary cross-entropy
objective

L = −∑
t,H

yt,H logPfail(t,H) + 1 − yt,H( )log 1 − Pfail(t,H)( )[ ]. (10)

Unlike conventional RUL regression, this objective directly
minimizes operational risk estimation error, enabling the model
to produce decision-relevant reliability probabilities tailored to
grid service commitments.

3.4 | Probability Calibration

Raw machine learning probabilities are often miscalibrated and,
therefore, cannot be directly interpreted as operational risk. To
obtain reliable risk estimates, a monotonic calibration function is
learned using isotonic regression as follows:

P̂cal = g P̂fail( ), (11)

where g(·) is a nonparametric monotonic mapping ftted on
validation data. The calibration enforces probabilistic consis-
tency as follows:

P failure ∣ P̂cal = p( ) ≈ p. (12)

After calibration, the predicted probability represents a true
empirical failure likelihood rather than a classifcation score.
This property is essential because the prediction is used as
a control variable in the reliability-aware dispatch policy.

3.5 | Reliability-Aware Dispatch Policy

To integrate reliability prediction into operational decision-
making, the estimated failure probability is calibrated and
compared against a predefned risk tolerance threshold τ. A
service request is considered admissible only if the calibrated
probability satisfes

P̂cal(t,H) ≤ τ. (13)

Based on this condition, the battery dispatch is converted into
a reliability-aware constraint. The allowable dispatch energy at
time t is defned as

Eallowed(t) =
Ereq(t), P̂cal(t,H) ≤ τ,

0, otherwise,
{ (14)

where Ereq(t) denotes the requested service energy. This for-
mulation transforms battery diagnostics from a passive moni-
toring indicator into an active control variable, enabling
participation in fexibility markets only when operational re-
liability requirements are satisfed. Consequently, battery health
estimation directly informs dispatch decisions, linking predictive
analytics with real-time grid operation.

3.6 | Evaluation Protocol

The model is trained on multiple batteries and tested on an
unseen battery using leave-battery-out cross-validation. Perfor-
mance is assessed using discrimination (area under the ROC
curve [AUC]), probabilistic accuracy (Brier score), calibration
consistency, and operational energy-risk trade-of metrics. The
validation methodology is illustrated in Figure 2. To evaluate
cross-device generalization, a leave-battery-out cross-validation
protocol is adopted. For a dataset containing Nbatteries cells, the
model is iteratively trained on N − 1 batteries and tested on the
remaining unseen battery. This procedure prevents information
leakage across degradation trajectories and assesses the ability of
the learned representation to transfer to previously unobserved
devices.

Model performance is quantifed using complementary
reliability-oriented metrics as follows:

• AUC: measures discrimination capability between safe and
unsafe operation.

• Brier score: evaluates probabilistic accuracy of predicted
failure risk.

• Calibration curve: assesses consistency between predicted
probabilities and observed outcomes.

• Operational trade-of analysis: examines the relationship
between delivered energy and realized failure rate.

Together, these metrics characterize not only predictive accuracy
but also decision reliability, ensuring the model is suitable for
safety-critical operational deployment.

3.7 | Dataset and Implementation Details

The proposed framework is evaluated using the NASA Prog-
nostics Center of Excellence lithium-ion battery aging dataset
[45]. The dataset contains multiple commercial 18,650 lithium-
ion cells cycled under controlled charge–discharge conditions
under diferent operating regimes. Each cycle includes mea-
surements of voltage, current, temperature, and capacity deg-
radation throughout the battery lifetime.

Following common practice in battery prognostics research, the
dataset defnes EOLwhen the available capacity drops below 70%
of the nominal capacity. In this work, this EOL point is used only
to determine the reference failure cycle Tf required for con-
structing the survival labels in equation (1). The proposed model
does not directly predict EOL. Instead, the framework predicts
the probability that the battery will fail to complete a requested
service within a fnite operational horizon.

Therefore, the prediction task focuses on operational reliability
[46], while the EOL defnition is used only as a reference point to
construct failure events for supervised learning.
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The hazard learning model is implemented in Python using
gradient boosted decision trees (XGBoost). Model parameters are
optimized using the gradient boosting procedure with logistic
loss and second-order gradient updates. Early stopping based on
the validation Brier score is used to prevent overftting.

Probability calibration is performed using isotonic regression
ftted on validation predictions. All experiments are repeated
across batteries, and reported results represent the mean per-
formance across cross-validation folds. Training confgurations
are summarized in Table 2.

4 | Results

4.1 | Why Lifetime Prediction is Not an
Operational Indicator

Conventional battery prognostics rely on SOH and RUL to
quantify battery condition. However, operational grid services
require determining whether a battery can safely complete an
upcoming service window rather than estimating its total
lifetime.

Figure 3(a) presents SOH trajectories for representative cells.
Although all cells follow a global decreasing trend, their short-
term degradation behavior difers substantially. Cells with
similar SOH values exhibit diferent local degradation dy-
namics, including temporary recovery, accelerated decay, and
irregular fuctuations. Consequently, SOH alone does not
uniquely determine near-term reliability since batteries at
comparable health levels may experience diferent short-term
failure risks.

Figure 3(b) shows the corresponding RUL evolution. RUL de-
creases smoothly and monotonically even when degradation
behavior becomes unstable in the SOH trajectories. This
smoothing efect masks short-term degradation acceleration and,
therefore, cannot represent operational safety within a limited
service horizon.

These observations demonstrate that lifetime indicators describe
long-term aging but do not capture short-term operational risk.
Therefore, battery diagnostics are reformulated as a fnite-
horizon failure probability estimation problem, where the ob-
jective is to predict whether failure occurs within a predefned
service interval rather than estimating total lifetime.

4.2 | Probability Calibration and Reliability of
Predictions

For operational deployment, predicted risk values must corre-
spond to actual failure frequencies rather than acting as relative
confdence scores. Figure 4(a) presents the calibration re-
lationship between predicted failure probability and observed
event frequency. After calibration, predicted probabilities align
with empirical occurrence rates, indicating that the model
outputs statistically consistent risk estimates.

This property is essential because the prediction is used as
a control variable in dispatch decisions. Amiscalibrated classifer
may rank unsafe conditions correctly but still produce unreliable
probability magnitudes, which would lead to incorrect opera-
tional constraints.

Figure 4(b) further illustrates prediction uncertainty over the deg-
radation trajectory. The predicted median trajectory follows the
degradation trend while the quantile band captures increasing
uncertainty near the EOL. The uncertainty interval expands as
failure approaches, refecting the stochastic nature of degradation
dynamics rather than deterministic lifetime behavior.

Together, calibration consistency and uncertainty awareness
demonstrate that the model produces interpretable operational
probabilities instead of classifcation scores, enabling its use in
reliability-aware control.

4.3 | Multihorizon Failure Prediction Performance

The proposed model estimates the probability that a battery fails
within predefned service horizons rather than predicting

Dataset Leave-battery-out split Train batteries

MetricsTest unseen battery

AUC
Brier

Calibration
Energy-failure trade-of

FIGURE 2 | Cross-battery generalization evaluation protocol.
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a single lifetime value. Figure 5(a) presents the survival proba-
bility for a representative cell at a 20-cycle horizon. The survival
estimate remains close to unity during normal operation and
drops sharply shortly before EOL, indicating that the model
detects imminent operational risk instead of gradual aging.

Figure 5(b) shows predicted failure probabilities for multiple
horizons. Short horizons detect risk earlier and more abruptly,
while longer horizons increase more gradually and reach higher
probability values near the EOL. This behavior is consistent with
reliability theory: the closer the requested service duration ap-
proaches the remaining lifetime, the higher the operational risk.

Table 3 summarized the predictive performance of the multi-
horizon hazard model across service horizons. Raw AUC cor-
responds to the discrimination capability of the hazard model

before probability calibration, while calibrated metrics corre-
spond to the probabilities used in the operational dispatch policy.

The predictive performance of the multihorizon hazard model is
summarized in Table 3. It is important to note that two sets of
performance metrics are reported: the discrimination perfor-
mance of the raw model predictions and the performance of the
calibrated probabilities used for operational decision-making.

The raw hazard model achieves an AUC of 0.944 for the 20-cycle
horizon, indicating strong discrimination between safe and
unsafe operational states. After probability calibration using
isotonic regression, the AUC becomes 0.891 while the Brier score
improves slightly. This change occurs because calibration
modifes the probability distribution to ensure probabilistic
consistency with observed outcomes.

TABLE 2 | Training confguration of the multihorizon hazard learning model.

Component Setting Value
Learning framework Model type Gradient boosted trees
Implementation Library XGBoost (sklearn API)
Prediction target Task Binary hazard classifcation
Loss function Objective Logistic loss (binary cross-entropy)
Number of estimators Trees 300
Maximum tree depth Depth 4
Learning rate η 0.05
Row sampling Subsample 0.8
Feature sampling Colsample 0.8
Regularization Minimum child weight 5
Multihorizon setup Horizons (H) {10, 20, 30, 50 cycles}
Probability calibration Method Isotonic regression
Validation scheme Cross-validation Leave-battery-out (5 folds)
Evaluation metrics Metrics AUC, Brier score, ECE
Dispatch policy Risk threshold (\tau) 0.05–0.50
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FIGURE 3 | SOH and RUL limitations for operational reliability. (a) SOH trajectories. (b) RUL evolution.
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FIGURE 4 | Reliability calibration and predictive uncertainty. (a) Calibration relationship between predicted failure probability and observed event
frequency. (b) Prediction uncertainty over the degradation trajectory.
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FIGURE 5 | Multihorizon operational risk prediction. (a) Survival probability for a representative cell. (b) Predicted failure probabilities for multiple
horizons.

TABLE 3 | Predictive performance of the multihorizon hazard model.

Horizon (cycles) AUC (raw) AUC (calibrated) Brier score (calibrated)
10 0.928 0.891 0.032
20 0.944 0.891 0.064
30 0.942 0.898 0.058
50 0.908 0.868 0.090
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Since the calibrated probabilities are used in the reliability-aware
dispatch policy, the calibrated metrics reported in Table 3 represent
the operationally relevant performance of the proposed framework.

4.4 | Operational Value of Risk-Based Dispatch

To evaluate operational usefulness, the calibrated failure prob-
ability was converted into a dispatch constraint. Figure 6 illus-
trates the relationship between delivered energy and observed
failure rate for diferent decision policies.

Conventional rule-based strategies exhibit clear limitations. The
always-dispatch policy results in the highest failure rate (10.3%),
indicating that operating the battery without reliability con-
straints exposes the system to signifcant operational risk. The
SOH-based rule slightly reduces failure occurrence but still
operates in a relatively unsafe region since a single health
threshold cannot capture short-term degradation dynamics.

The RUL threshold policy eliminates failures in the evaluated
dataset, achieving a failure rate of 0% while delivering 47.53 kWh
of energy. However, this policy relies on a deterministic lifetime
threshold and, therefore, does not account for uncertainty in
degradation trajectories or variations across operational hori-
zons. In practice, such fxed thresholds may be difcult to tune
across heterogeneous batteries and operating conditions.

In contrast, the proposed risk-threshold policy uses calibrated
failure probabilities to regulate dispatch decisions. The
resulting policy achieves a failure rate of 2.9% while main-
taining 46.97 kWh of delivered energy. Although the de-
terministic RUL rule eliminates failures in this particular
dataset, the probabilistic framework provides a more fexible
reliability signal that can adapt to diferent service horizons
and reliability requirements.

These results demonstrate that probabilistic reliability estimation
can be translated into an operational control variable, enabling
grid operators to balance reliability and utilization while
maintaining consistent participation in fexibility services.

4.5 | Reliability-Aware Dispatch Behavior

The proposed framework enables operators to directly control
participation through a reliability tolerance parameter.

Figure 7(a) shows the mean ofered energy as a function of the
risk threshold τ. Lower thresholds enforce conservative opera-
tion, while increasing τ gradually increases energy contribution.
The relationship is continuous rather than binary, allowing
adjustable reliability levels instead of fxed acceptance rules.

Figure 7(b) illustrates dispatch behavior over the degradation
trajectory. The reliability-aware index follows the available en-
ergy during early operation and progressively limits participation
as degradation advances. Unlike threshold rules that abruptly
disable the battery, the proposed policy produces a smooth re-
duction in utilization near EOL.

This behavior demonstrates that predicted failure probability
functions as a controllable operational variable. Grid operators
can tune reliability tolerance while maintaining stable partici-
pation in fexibility services.

4.6 | Generalization to Early-Life Batteries

To evaluate predictive generalization, the model was trained
using only early-life data and tested across the full lifetime of the
battery. Figure 8 compares discrimination performance under
limited degradation exposure and full trajectory availability.
Operational benchmark comparisons are summarized in Table 4.

When trained on early-life data, performance decreases but re-
mains above random prediction, indicating the model captures
meaningful degradation behavior even before signifcant aging
occurs. Using full lifetime data substantially improves discrim-
ination capability, confrming that additional degradation ob-
servations refne the learned reliability representation.

These results indicate that the model does not rely solely on late-
stage degradation patterns but instead learns transferable in-
dicators of operational risk. Consequently, the framework can
support reliability assessment even for relatively new batteries,
which is essential for practical deployment where long historical
records are not yet available.

5 | Ablation Analysis of the Operational Reliability
Framework

To better understand the contribution of individual components
in the proposed operational reliability framework, an ablation
analysis was conducted. The framework consists of three key
elements: (i) multihorizon hazard learning, (ii) probability cal-
ibration, and (iii) a risk-aware operational decision policy. While
the previous sections evaluated the complete framework, the
ablation analysis isolates the efect of these components by
comparing alternative decision strategies.

The quantitative comparison is summarized in Table 5. The table
includes the baseline always-dispatch policy, the raw hazard-
based policy, the calibrated hazard-based policy used in the
proposed framework, and the deterministic RUL threshold
benchmark. Since the purpose of the ablation fgure is to show
the incremental contribution of the proposedmodel components,
Figure 9 focuses only on the progression from the baseline policy
to hazard learning and then to hazard learning with calibration.
The RUL threshold is retained in Table 5 as an external
benchmark rather than as a component of the proposed
framework.

RUL > 20
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Risk-threshold policy

43
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 en

er
gy

 (k
W

h)

0.00 0.06 0.08 0.100.040.02
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FIGURE 6 | Operational energy–risk trade-of across dispatch
policies.
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The baseline policy yields a failure rate of 10.31%, showing that
unrestricted operation exposes the system to substantial opera-
tional risk. Introducing hazard-based reliability prediction pro-
duces the largest improvement: when raw hazard probabilities
are used to flter risky operation, the failure rate decreases to
3.00%, while delivered energy increases to 46.94 kWh.

Applying probability calibration further refnes the operational
decision variable. The calibrated hazard policy, which represents
the proposed framework, reduces the failure rate slightly further
to 2.95% while maintaining nearly identical delivered energy
(46.97 kWh). Although the numerical improvement relative to
the raw hazard policy is modest, calibration is important because
it converts model scores into empirically consistent probabilities
that can be used directly in operational control.

The RUL threshold policy achieves 0% observed failures and
48.22 kWh of delivered energy in the evaluated dataset. However,
this benchmark is based on a fxed deterministic lifetime rule and
does not provide calibrated probabilistic risk estimates across
multiple operational horizons. Therefore, its role in this study is
as a benchmark policy rather than as part of the proposed de-
cision framework.

To visualize the contribution of the proposedmodel components,
Figure 9 presents the failure-rate reduction from the baseline
policy to the raw hazard model and then to the calibrated
hazard model.

The fgure highlights that the transition from the baseline policy
to hazard-based decision-making produces the largest reduction
in failure rate, while calibration provides an additional im-
provement in the reliability of the decision variable. Overall, the
ablation analysis confrms that the proposed operational re-
liability framework achieves a strong balance between reliability
and operational fexibility. Hazard-based risk estimation sig-
nifcantly reduces failure exposure, and calibration improves the
trustworthiness of the probability estimates used for operational
control.

6 | Discussion

6.1 | Interpretation of Findings

The results indicate that battery reliability is inherently horizon
dependent. Conventional indicators such as SOH and RUL
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FIGURE 7 | Reliability-aware dispatch behavior. (a) Ofered energy as a function of the risk threshold. (b) Dispatch behavior over the degradation
trajectory.
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FIGURE 8 | Generalization to early-life batteries.

TABLE 4 | Operational benchmark comparison.

Policy
Failure
rate

Delivered energy
(kWh)

Always dispatch 0.103 43.38
SOH threshold 0.089 43.07
RUL threshold 0.000 47.53
Proposed risk
policy

0.029 46.97

10 of 14 International Transactions on Electrical Energy Systems, 2026

 itees, 2026, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1155/etep/6000810 by U

niversity O
f V

aasa, W
iley O

nline L
ibrary on [26/06/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



describe long-term degradation progression but do not quantify
short-term operational safety. As demonstrated in the results,
batteries with comparable health states may exhibit substantially
diferent near-term failure risk, while lifetime predictions remain
smooth even close to failure.

The proposed hazard formulation reframes battery diagnostics
from a degradation estimation task into an operational reliability
assessment. Rather than predicting when a battery will reach
EOL, the model estimates whether the battery can safely com-
plete a specifed service commitment. Consequently, the output
becomes directly interpretable in operational decision-making.

6.2 | Novelty of the Proposed Framework

The contribution of this work is not a new degradation predictor
but a new operational perspective on battery prognostics. The
framework is as follows:

1. Transforms prognostic indicators into a decision-level re-
liability variable,

2. Introduces multihorizon failure intelligence aligned with
service duration,

3. Produces calibrated probabilities interpretable as opera-
tional risk, and

4. Enables reliability-aware fexibility dispatch.

Most existing studies target maintenance planning, whereas the
proposed method produces a dispatch-ready control signal
compatible with grid operation.

6.3 | Comparison With Existing Work

Traditional methods provide maintenance indicators but require
heuristic thresholds for operational use. Reliability models im-
prove interpretability but typically operate at a fxed horizon. The
proposed method uniquely produces a calibrated, horizon-aware

reliability measure directly usable in control decisions. Com-
parisons with existing works with their approaches and opera-
tional usabilities are summarized in Table 6.

6.4 | Practical Implications

The framework enables aggregators and grid operators to in-
corporate battery health into operational planning. Instead of
binary acceptance rules, the system allows risk-aware partici-
pation by:

• Deciding whether to accept a fexibility bid,

• Limiting unsafe dispatch,

• Reducing unexpected failure events, and

• Gradually retiring degraded batteries rather than abrupt
removal.

This capability bridges predictive maintenance and operational
control, enabling batteries to participate in fexibility markets
while respecting reliability constraints.

6.5 | Limitations

Despite promising results, several limitations remain. First,
failure is defned using an SOH threshold rather than physical
failure mechanisms, which may not fully represent real safety
events. Second, the dataset consists of laboratory cycling data and
does not capture the full variability of feld BESS operation.
Third, the dispatch policy is evaluated ofine without market
interaction or system-level optimization. Finally, safety-critical
phenomena such as thermal runaway and protection system
faults are not explicitly modeled.

6.6 | Future Research Directions

Future work should extend the framework toward practical
deployment by integrating reliability prediction with power

TABLE 5 | Ablation analysis of operational reliability policies.

Confguration Failure rate Delivered energy (kWh)
Always operate (baseline) 10.31% 43.38
Raw hazard probability 3.0% 46.94
Calibrated hazard probability (proposed) 2.95% 46.97
RUL threshold policy 0.00% 48.22

Baseline Hazard Hazard + Calibration
Model component

10.31

3.00 2.95
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FIGURE 9 | Ablation comparison of operational failure rates across diferent decision policies.
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system optimization, modeling multibattery aggregation be-
havior, and enabling real-time market bidding. Incorporating
physics-informed failure defnitions and safety event datasets
would further strengthen reliability interpretation.

7 | Conclusion

This paper presented a decision-oriented reliability framework
for BESSs based on multihorizon discrete-time hazard learning.
Instead of estimating degradation indicators such as SOH or
RUL, the proposed approach predicts the probability that a bat-
tery cannot safely complete a predefned service commitment.
This reformulation aligns battery diagnostics with the opera-
tional requirements of modern power systems, where short-term
reliability rather than lifetime prediction determines dispatch
feasibility.

Experimental evaluation across multiple lithium-ion batter-
ies demonstrated that lifetime indicators do not reliably
represent near-term operational safety. The proposed model
produced calibrated failure probabilities that remained stable
across diferent service horizons and generalized to unseen
batteries. When integrated into a risk-threshold dispatch
policy, the predicted reliability measure enabled a control-
lable trade-of between delivered energy and failure occur-
rence, outperforming conventional SOH- and RUL-based
decision rules.

The results show that battery prognostics can be transformed
from a maintenance-oriented prediction task into a real-time
operational decision variable. By directly linking health esti-
mation to dispatch control, the framework enables reliability-
aware participation of battery storage in fexibility services.

Future work will focus on integrating the reliability prediction
into power system optimization andmarket operation, extending
the approach to aggregated storage feets, and incorporating
physics-based failure defnitions to support feld deployment.
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