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Deep learning models have demonstrated exceptional performance in estimating battery parameters such as
State Of Charge (SOC) and State Of Health (SOH) in electric vehicles. However, their black-box nature hin-
ders interpretability, which is critical in safety-sensitive applications. In this work, we introduce a Sensitivity
and Ontology-Guided Counterfactual Explanation method (SOCEG) for generating counterfactual explana-
tions in multivariate time series regression tasks. SOCEG combines a gradient-based technique to identify key
data segments for modification with an ontology-driven validator to enforce domain constraints and preserve
feature correlations, ensuring plausibility and realism. Unlike conventional methods, it does not require an
initial population and progressively refines counterfactual quality across iterations. We evaluate SOCEG on
SOC estimation for Lithium Iron Phosphate (LFP) cells and benchmark it against four baselines, including
GENO-TOPSIS and NSGA-II. Results demonstrate that SOCEG consistently surpasses existing approaches
in dissimilarity, implausibility, instability, and runtime, while providing actionable insights into feature modi-

fications, thereby enhancing the model interpretability.

1 INTRODUCTION

Deep learning models have demonstrated remarkable
accuracy across a wide range of applications, par-
ticularly in domains involving complex and high-
dimensional data such as image processing (He et al.,
2015; Bakator and Radosav, 2018) and time series
analysis (Lim and Zohren, 2021). With the rapid ad-
vancements in the Internet of Things (IoT) and the de-
ployment of 5G networks, these models are increas-
ingly being integrated into critical real-world appli-
cations. A prominent example is the transportation
sector, especially in the context of Electric Vehicles
(EVs), where deep learning techniques are widely
employed to estimate key battery parameters. Among
these, the State Of Charge (SOC) and the State Of
Health (SOH) are of particular importance, as accu-
rate estimation of these indicators directly impacts the
efficiency, reliability, and safety of battery manage-
ment systems.
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Although deep learning models are highly accu-
rate and effective at uncovering complex patterns,
their black-box nature makes it difficult to under-
stand how predictions are generated (Chennam et al.,
2022). This lack of transparency becomes particu-
larly critical in safety-sensitive domains such as EVs,
where it is essential to assess how models will be-
have under unseen scenarios. To address this con-
cern, some researchers prefer to adopt inherently in-
terpretable models, such as linear Support Vector Ma-
chines (SVMs) (Alvarez Antén et al., 2013), decision
trees (Qian et al., 2023), linear regression (Castanho
et al., 2022), and Naive Bayes methods (Ng et al.,
2014), despite their potential trade-off in predictive
performance compared to deep learning approaches.

Post hoc explanation methods provide an alterna-
tive approach for interpreting model predictions with-
out modifying the underlying architecture (Kok et al.,
2022). These methods can be broadly categorized into
three types:

1. Feature importance methods, such as Local In-
terpretable Model-Agnostic Explanations (LIME)
(Ribeiro et al., 2016), which employs local sur-
rogate models, and SHapley Additive exPlana-
tions (SHAP) (Lundberg, 2017), which calculates
Shapley values to quantify each feature’s contri-
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bution.

2. Rule-based methods, which generate simple
if-then rules to describe the model’s behavior
(Ribeiro et al., 2018).

3. Hybrid approaches, combining feature attribu-
tion with visualization, such as saliency-based
techniques that highlight input regions most rel-
evant to the outputs (Saadallah et al., 2021).

In the context of explaining SOC and SOH esti-
mation models, most studies have focused on SHAP
(Hidouri et al., 2024; Qian et al., 2025; Arbaoui
et al., 2024) and LIME (Chen et al., 2025). While
these approaches can highlight which features are im-
portant and their contributions to predictions, they
do not reveal the internal mechanisms of the model.
For instance, (Hidouri et al., 2024) demonstrates that
the model assigns higher importance to current and
voltage, with lower current values negatively impact-
ing SOC and a positive correlation observed between
voltage and SOC, while temperature is largely ig-
nored. This is particularly limiting for time series
data, where temporal dependencies play a crucial role.
These limitations are partly due to method-specific
issues: in the case of SHAP, importance scores can
be misleading, potentially indicating significance for
features that are actually irrelevant (Young et al.,
2019; Huang et al., 2023; Huang and Marques-Silva,
2024). For LIME, the reliance on synthetically gen-
erated local data may lead to explanations that do not
accurately reflect the true model behavior (Rahnama
and Bostrom, 2019).

While these methods provide valuable insights
into feature importance, they are inherently limited
in that they describe "what” influences the prediction
rather than “how” the prediction would change under
different conditions. This limitation has motivated re-
searchers to explore alternative approaches that pro-
vide more actionable and intuitive explanations. In
this context, Counterfactual (Cf) explanations have
recently gained increasing attention (Wachter et al.,
2018). Cf methods indicate what specific changes
in an input instance would be necessary to alter the
model’s prediction, offering a more direct understand-
ing of the model’s decision boundaries and poten-
tial behavior under hypothetical scenarios. Formally,
they can be defined as a function f} that takes as in-
put a deep learning model M and a query instance
gr from a given dataset X used for training. The
function f; then returns a set of valid Cf examples
that offer alternative modifications to gr, leading to
a different model prediction (Guidotti, 2022): C =
filgr, M, X) = {x],x5,...,x,} where h <k, with k
representing the number of Cf examples required by
the user.

To generate high-quality Cf explanations, several
key properties must be considered. A good Cf should
suggest minimal changes to the query instance, both
in terms of the magnitude of changes and the number
of features altered, while ensuring that the prediction
is modified to the desired outcome and that the result-
ing instance remains plausible. While most existing
works focus primarily on minimal change and pre-
diction alteration, to the best of our knowledge, few
studies attempt to generate Cfs for multivariate time
series data, and even fewer rigorously evaluate the re-
alism of the generated Cfs. In battery applications, re-
alism is defined by adherence to electrochemical con-
straints, such as the interdependence of current, volt-
age, and temperature during charging and discharg-
ing. Cfs that violate these relationships, for exam-
ple, suggesting that SOC can increase solely through
a change in temperature while voltage and current re-
main constant, are physically implausible and com-
promise the reliability of explanations in practical bat-
tery management systems.

In this paper, we propose a Sensitivity and
Ontology-Guided  Counterfactual  Explanation
method (SOCEG) for generating counterfactual
explanations for multivariate time series data, applied
specifically to an SOC estimation model. Our method
leverages a gradient-based technique to identify the
parts of the data that need to be modified. This
approach offers several advantages, most notably that
it does not require an initial population. In practical
scenarios, users may have limited or low-quality
data for generating Cfs, and the choice of the initial
population can significantly impact the runtime of
traditional methods. Moreover, in optimization-
based approaches, the selection of the loss function
strongly influences the quality of the generated Cfs,
even though it provides an effective solution for
addressing the plausibility problem.

SOCEG ensures that the proposed changes respect
the correlations between features, thereby maintain-
ing realistic Cfs. To further address the plausibility
issue, we incorporate a domain ontology reasoning
process that verifies compliance with domain-specific
constraints and rules derived from the physical and
electrical behavior of the battery cell.

The performance of the proposed method is eval-
uated using several metrics derived from (Guidotti,
2022), which will be detailed in the following sec-
tion. Additionally, it is compared against four base-
line methods: GENO-TOPSIS, NSGA-II, CoMTEm
(Ates et al., 2021), and AB-CFm (Li et al., 2023),
with the latter two representing modified versions of
the original methods that were initially designed for
classification tasks.
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To summarize, our contributions are as follows:

* The formulation of counterfactual explanations
for multivariate time series data in a sequence-to-
sequence prediction context.

* The proposal of a method for generating Cfs with-
out requiring an initial population, while ensuring
plausibility through a dedicated ontology reasoner
that encodes datasheet information and physical
rules of Lithium Iron Phosphate (LFP) cells.

* The evaluation of the approach on a real scenario
of SOC estimation for LFP cells and comparison
against several baseline methods.

2 STATE OF THE ART

To generate Cf explanations, key properties have been
defined to measure their quality. These properties
are based on the work of Verma et al. (Verma
et al., 2020), Mothilal et al. (Mothilal et al., 2020a),
Wachter et al. (Wachter et al., 2018), and Guidotti et
al. (Guidotti, 2022), and they are as follows:

* Validity: A Cf must change the model’s prediction
to a desired outcome. In a classification task, this
means flipping the predicted class, while in a re-
gression task, the prediction should be adjusted to
fall within a specific target range.

* Similarity (Proximity): A Cf should be as close as
possible to the query instance in terms of distance.

* Minimality (Sparsity): Only a minimal set of fea-
tures should be changed, rather than modifying all
features.

* Diversity: Counterfactuals generated for a given
query instance should follow different paths to
change the model’s output. No two counterfactu-
als should be identical while modifying the same
set of features.

* Plausibility (Feasibility, Reliability): Cfs should
resemble existing data, ensuring that the gener-
ated instances are realistic.

* Actionability: A Cf must modify only actionable
features, i.e., those that the user permits to change.

Four categories of methods can be identified to
generate Cfs explanations (Guidotti, 2022):

* Optimization: Methods that construct a loss func-
tion by incorporating some of the key proper-
ties mentioned above and seek to minimize it
(Wachter et al., 2018; Dhurandhar et al., 2018;
Dhurandhar et al., 2019).

1212

* Heuristic Search Strategy: Methods that itera-
tively update specific parts of the query instance to
minimize a cost function (Vermeire and Martens,
2020; Gomez et al., 2020).

e Instance-based Strategies: The simplest ap-
proach, where Cfs are directly selected from a
given population by identifying instances that
minimize the distance to the query instance while
yielding a different prediction (Poyiadzi et al.,
2020; Brughmans et al., 2022).

* Decision Trees: This approach approximates the
black-box model locally using a decision tree,
where the extracted rules are then utilized to gen-
erate Cfs (Guidotti et al., 2020).

Most existing methods focus on tabular data and
classification tasks (Guidotti, 2022), with Diverse
Counterfactual Explanations (DiCE) (Mothilal et al.,
2020b) being one of the most widely used frame-
works. Only a few studies have explored counter-
factual explanations for time series data (Wang et al.,
2023; Delaney et al., 2021), and even fewer have ad-
dressed multivariate time series (Ates et al., 2021; Li
et al., 2023). These approaches typically formulate
the problem as an optimization task and define a loss
function, but they focus only on classification prob-
lems and often neglect key properties such as diversity
and plausibility.

To the best of our knowledge, only one approach
(Arbaoui et al., 2025) has applied Cf explanations
to interpret a deep learning model for SOC estima-
tion of LFP batteries. This approach represents the
only method to successfully generate Cf explanations
for multivariate time series data in a regression task
(sequence-to-sequence prediction). In their study, Cf
explanations were generated using two methods based
on classical genetic algorithm (GA) steps:

* GENO-TOPSIS, which employs the Technique for
Order Preference by Similarity to Ideal Solution
(TOPSIS) as a selection method.

* NSGA-II, the Non-Dominated Sorting Genetic Al-
gorithm.

Both methods focus on identifying optimal Cfs
based on three key properties: validity, proximity, and
diversity. An ontology is used to filter Cfs that do not
respect domain constraints. However, the main limi-
tation is that the generation process and ontology val-
idation are performed separately. If all generated Cfs
are filtered out, new ones must be regenerated, which
is time-consuming due to the GA-based process. Ad-
ditionally, the method does not incorporate learning
after each iteration; if a Cf is generated by modifying
a specific subsequence of the data, this information
is not used to improve subsequent generations. As a
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result, the process remains inefficient and leads to in-
creased computational costs.

3 THEORETICAL
FOUNDATIONS

3.1 Counterfactual Properties

In this section, we provide a detailed presentation of
the Cf properties used in this work (validity, proxim-
ity, sparsity and diversity). Consider a multivariate
time series query instance gr € R"™*", where m rep-
resents the sequence length and n is the number of
features. This query instance is taken from an ini-
tial population X and fed into a black-box model M,
where M (qr) = pr € R’ denotes the model’s predic-
tion for the query instance, with ¢ representing the
output dimension. The set C = {x,x},...,x)} rep-
resents the Cfs generated using our approach, and
M(C) = {pry,pry,...,pr)} denotes the correspond-
ing model predictions for the generated Cfs. Let k
represent the number of Cfs desired by the user.

The validity property can be calculated depending
on the direction specified by the user, to either maxi-
mize (greater) the output or minimize it (smaller). It
is calculated in our case based on Equation 1.

llpri=prll if direction = “greater” and
Pri==Prll i) > prid), Vd € {11}
llpr. = prl if direction = “less” and

Pri=pPril2 piia) < prid), vd € {1,...,1}
0 otherwise

validity (x}) =

ey

For the proximity, we calculate the distance be-

tween a Cf and the query instance as shown in Equa-

tion 2

proximity(x}) = ||x; — qr||» (2)

For the sparsity property, we measure the feature-wise

distance S; between a generated Cf and the query in-

stance. If the distance is greater than a predefined

threshold €, the feature is considered changed. The

number of features changed is computed as shown in
Equation 3:

n
sparsity(x;) = ) 1s;=e 3)
j=1

Diversity, on the other hand, calculates the minimum
distance between a Cf and its nearest neighbor in C,
using Equation 4
diversity(x;) = miCI} [+ —z]|2 4)
z€
7]

There are properties that need to be maximized such
as validity and diversity, and those that need to be
minimize like proximity and sparsity.

3.2 Ontologies

An ontology provides a structured framework for rep-
resenting knowledge by defining concepts and their
relationships within a specific domain, and it is repre-
sented as a four-element tuple (Cao et al., 2022):
O = (CI, Prts,Sub, Applic)

where: CI denotes the set of classes that define the
domain concepts. Prts represents the set of proper-
ties used to describe instances of these classes. Sub :
Cl — 2€ is the subsumption function, where for any
two classes clj,cl, € Cl, cl; is a superclass of clp
if Vx € cly,x € cly. Applic : CI — 2P maps each
class to its associated properties, including both ob-
ject and data properties. In the context of counterfac-
tual explanations, ontologies play a crucial role in en-
suring the actionability and plausibility of generated
explanations. By leveraging domain-specific ontolo-
gies, counterfactual generation methods can incorpo-
rate logical constraints and background knowledge to
produce meaningful and realistic alternative scenar-
i0s.

For instance, in battery SOC estimation, an on-
tology can define relationships between voltage, tem-
perature, and charge levels, ensuring that generated
counterfactuals respect physical constraints and do-
main knowledge. This is achieved using a reasoner
to evaluate Semantic Web Rule Language (SWRL)
rules, if-then statements specifying conditions for
modifying ontology instances. The reasoner thus de-
termines whether a counterfactual candidate satisfies
domain constraints.

The key advantage of using ontologies is trans-
parency: expert knowledge is directly embedded into
the counterfactual generation process. Rejected coun-
terfactuals can be traced to specific violated rules, en-
hancing interpretability. Moreover, all valid counter-
factuals are stored within the ontology and can be
queried via SPARQL (spr, 2025), supporting struc-
tured analysis and systematic insight extraction.

4 SENSITIVITY AND
ONTOLOGY-GUIDED
COUNTERFACTUAL
EXPLANATION GENERATION

SOCEG generates Cf candidates based on the
model’s sensitivity, which will be described in the fol-
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lowing subsection. These candidates, along with their
properties, are added to an ontology that defines do-
main constraints. In our case, datasheet constraints
for an LFP cell, as well as Cf properties expressed
through SWRL rules.

The method initially generates candidates that aim
to change the model prediction, without ensuring the
realism of the proposed modifications. These can-
didates are then sent to the ontology, which classi-
fies them into two categories: realistic and unrealis-
tic. Candidates deemed realistic are fed back into the
method to guide the generation of additional coun-
terfactuals. This iterative process continues until the
number of realistic counterfactuals in the ontology
matches the number of counterfactuals requested by
the user.

4.1 Counterfactual Generation Guided
by Model Sensitivity

Instead of adding random noise to a random subse-
quence of gr or relying on the classical steps of a GA
that require an initial population, our approach lever-
ages model gradients to guide counterfactual gener-
ation. Specifically, we compute the gradient of the
model’s output with respect to its input, yielding a
weight matrix W of the same shape as gr (m,n), which
highlights the regions of the input that contribute most
strongly to the prediction. These weights are then
used to introduce noise [, which follows a Gaussian
distribution. To preserve feature dependencies, we
generate this noise using the multivariate normal dis-
tribution !, where the mean values for each feature are
derived from gr, and the covariance matrix is com-
puted accordingly.

At each iteration, a Cf candidate is generated by
either adding or subtracting a perturbation 8. This
perturbation is determined based on the weight matrix
W, the noise /, and the standard deviation std of each
feature in gr, ensuring that d remains stable when fea-
ture values are constant. The model then predicts the
outcome for the generated counterfactual and com-
pares it to the original prediction pr. Depending on
the user-specified direction, the algorithm aims to ei-
ther increase or decrease the prediction value.

To accelerate convergence and improve learning,
the ontology provides a population of validated Cfs
(realistic). If available, a random selection from this
population serves as the basis for generating new can-
didates. However, rather than modifying the entire
instance, we introduce noise only to the feature sub-
set that was not originally used for estimation and that

https:/mumpy.org/doc/2.2/reference/random/
generated/numpy.random.multivariate_normal.html
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by updating W. If the ontology does not return a pop-
ulation, previously generated, yet unvalidated Cfs are
refined following the same approach.

Algorithm 1 details the entire process step by step
and returns a list of Cf candidates that satisfy four key
properties:

* Validity. Ensured by selecting only Cfs that suc-
cessfully alter the prediction.

* Proximity & Sparsity. Achieved by leveraging
gradients to ensure minimal modifications and tar-
geting only relevant features.

* Diversity. Maintained by iteratively modifying
not just the original gr, but also by selecting Cfs
randomly from the ontology-provided population.
These candidates adhere to all constraints, includ-
ing domain-specific constraints.

Algorithm 1: Generate Counterfactual Candidates

(SOCEG).

Require: Model M, query instance gr, its prediction pr,
direction of perturbation, Ontology onto, number of Cfs
requested k

Ensure: A set of realistic Cfs C

1: Initialize C < {}
2: Get realistic candidates from ontology: P <«
onto.RealisticCf ()

3: while |P| < k do

4: if P is not empty then

5: Select x randomly from P

6: Compute gradient matrix W = ag{(:x)
qr

7:

Update W to focus on unused features: W =
max(W) +min(W) - W
else if C contains non-validated Cfs then
Select x from non-validated Cfs
Compute and update W as above
else
X< gqr
OM (x)

Compute W = qr

8

9

10

11

12

13

14: end if
15: Compute mean y and covariance matrix X from x
16:

17

18

19

20

Generate noise [ ~ N (u,X)
Compute standard deviation std of features in x
for each feature i do
0; =0.5-1;-W; - std;
: Randomly select sign € {+1,—1}
21: Xi < X; +sign-§;
22: end for
23: Clip x to valid range [0, 1]
24: Compute new prediction ¥ = M (x)

25: if Y changes in the required direction then
26: Addxto C

27: Send x to ontology and run reasoner
28: Update P < onto.RealisticCf ()

29: end if

30: end while
31: return P
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All counterfactual candidates generated by this
method will be sent to the ontology module to ver-
ify the plausibility property and ensure that they ad-
here to the domain constraints specified in the domain
ontology. For each counterfactual candidate, we will
compute its properties before sending them all to the
ontology. While these properties could also be com-
puted directly within the ontology, we prefer to pre-
compute them to reduce the complexity of the ontol-
ogy, ensuring that the reasoner does not crash due to
the large volume of data points being processed.

4.2 Ontology for Guiding
Counterfactual Selection

To ensure that the generated Cfs respect both domain
constraints and desired counterfactual properties, we
defined a general ontology (comprising 234 axioms in
total, including 383 logical axioms and 135 declara-
tion axioms, as well as 47 classes, 44 object proper-
ties, 42 data properties), illustrated in Figure 1, which
integrates two main components:

* Component 1: Encodes all concepts related to
Cfs and the representation of multivariate time se-
ries data.

* Component 2: Encodes all domain-specific con-
cepts, in this case the constraints derived from the
datasheet of the LFP cells used to train the model.

The first component captures all concepts associ-
ated with Cfs, including the values of each feature
measured over time, the counterfactual properties,
and the thresholds linked to these properties. These
thresholds act as selection criteria for classifying a
counterfactual candidate into two categories: Real-
isticCf and UnRealisticCf. Moreover, the decision-
making process is further refined by the domain on-
tology, as it extends the Validity Criterion through the
Domain Specification.

Below are some examples of rules coming from
the first component:

Rule 1: Counterfactual selection based on domain
and counterfactual properties.

Counterfactual (?cf) A Follow(?cf, ?
criterionl) A
DomainSpecification (?criterionl)

A isRespected (?criterionl, true
) AN Follow(?cf, ?criterion2) A
ProximityProperty (?criterion2) A

isRespected (?criterion2, true)
A Follow (?cf, ?criterion3) A
ValidityProperty (?criterion3) A
IsRespected (?criterion3, true) A

Follow (?cf, ?criteriond) A

SparsityProperty (?criteriond) A

isRespected (?criteriond, true) A
Follow (?cf, ?criterion5) A
DiversityProperty (?criterion5) A
isRespected (?criterionb, true)

— RealisticCF (?cf)

Rule 2: If a counterfactual does not respect domain
specification or counterfactual properties, it is cat-
egorize as UnrealisticCf.

Counterfactual (?cf) A Follow(?2cf, ?
criterionl) A
DomainSpecification(?criterionl)

N 1sRespected(?criterionl,
false) — UnrealisticCF (?cf)

I | Counterfactual (?cf) A Follow(?cf, ?
criterion2) A
CounterfactualProperties (?
criterion2) A isRespected (?
criterion2, false) —
UnrealisticCF (?cf)

Rule 3 (Proximity): If the distance is less than the
threshold, the proximity criterion is respected.

Counterfactual (?cf) A Follow(?2cf, ?
criterion) A ProximityProperty (?
criterion) AhasProximityDistance
(?cf, ?distance) A
hasProximityThresholdValue (?
criterion, ?threshold) A
lessThan (?distance, ?threshold)
— 1sRespected (?criterion, true)

Similarly, we define rules for sparsity, validity,
and diversity. These rules follow the same princi-
ple as above, differing only in whether the goal is
to minimize (e.g., proximity and sparsity) or max-
imize (e.g., diversity and validity) the respective
property.

The second component represents the domain on-
tology and contains all rules that ensure the plausibil-
ity of Cfs. In our case, we adopted a modified version
of the Battinfo ontology (Bat, ), since the original on-
tology does not include SWRL rules. We extended it
by adding rules to enforce the recommended ranges
of current, voltage, and temperature, as described in
(Arbaoui et al., 2025). Furthermore, we incorporated
rules to capture the positive correlation between volt-
age and SOC, based on the open circuit model (Yan
et al., 2025), thereby ensuring that the generated Cfs
comply with physical and operational constraints nec-
essary for the safe and optimal functioning of the cell.

Rule 5: Ensures that the isRespect data property for
DomainSpecification is updated correctly if Cf re-
spect all domain-constraints.
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Figure 1: Ontology structure combining counterfactual and domain-specific knowledge.

LFPBattery (?bc)ACounterfactual (?cf)
AhasData (?bc,?2cf)A
DomainSpecification (?ds)AFollow
(?cf,?2ds)A
TemperatureRangeSpecification (?
trsp)AVoltageRangeSpecification
(?vrsp) A
CurrentRangeSpecification (?crsp)
AVoltageSOCSpecification (?vcs)A
followsDataSpecification (?cf,?
vrsp)AfollowsDataSpecification (?
cf,?trsp)A
followsDataSpecification (?cf,?
crsp)AfollowsDataSpecification (?
cf,?vcs)AisValide (?vcs, true)A
isValide (?crsp, true)AisValide (?
vrsp,true)AisvValide (?trsp, true)
— isRespected (?ds, true)

Rule 6: Ensures that the voltage remains within the

specified range defined by the charging and dis-
charging cut-off voltages. The same principle
applies to current and temperature, ensuring that
their values stay within the respective minimum
and maximum limits.

LFPBattery (?bc) A
hasChargingCutOfVoltage (?bc, ?ccv
)AhasDischargingCutOfVoltage (?bc
,?2dcv)ACounterfactual (?cf)A
hasData (?bc,?2cf)A
VoltageRangeSpecification (?vrsp)
AVoltageRangeSpecification (?
vrspCf)AisConstrainedBy (?bc, vrsp
)AfollowsDataSpecification (?cf,?
vrspCf)ATimeSeriesCollection (?c)
AhasDataCollection (?2cf,?2c)A
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hasFeature (?c, ?f)AhasName (?£f,"
Voltage")AhasValue (?f,?voltage)A
lessThanOrEqual (?voltage,?ccv) A

greaterThanOrEqual (?voltage, ?
dcv) —+isValide (?vrspCf, true)

This rule ensures that the SOC is consistent with
the battery voltage:

* For low voltage (V < 2.7 V), SOC should be
close to (0).

* For high voltage (V > 3.5 V), SOC should be
close to (1).

* For intermediate voltage (2.7 <V < 3.5 V),
SOC should lie within a moderate range (0.2 <
SOC £0.3).

LFPBattery (?bc) A Counterfactual (?
cf) A hasData (?bc, ?cf) A
VoltageSOCSpecification (?vss) A
VoltageSOCSpecification (?vssCf)
AisConstrainedBy (?bc, ?vss) A
followsDataSpecification (?cf, ?
vssCf) ATimeSeriesCollection (?cl
) A hasDataCollection (?cf, ?cl)
AhasFeature (?cl, ?2fl) A hasName
(?f1, "Voltage") A hasValue(?fl,

?voltage) AhasCFPrediction (?cf,
?2cfp) A
CounterfactualPrediction (?2cfp) A
TimeSeriesCollection (?c2) A
hasDataCollection (?cfp, ?c2) A
hasFeature (?c2, ?f2) A hasName (?
f2, "SOC") A hasValue (?f2, ?soc)
A((lessThanOrEqual (?voltage,
2.7) N lessThanOrEqual (?soc,
0.4)) ; (greaterThanOrEqual (?
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voltage, 3.5) A
greaterThanOrEqual (?soc, 0.6))
; (greaterThan (?voltage, 2.7) A
lessThan (?voltage, 3.5) A
greaterThanOrEqual(°soc, 0.
lessThanOrEqual (?soc, 8)
isValide (?vssCf,

2) A
)) —

true).

S EXPERIMENTS

To assess the performance of the proposed approach,
we applied it to the use case of estimating the SOC for
LFP cells, as presented in (Arbaoui et al., 2025). We
adopted the same model and dataset, which consist of
a simple 1D Convolutional Neural Network (CNN)
followed by a 1D max-pooling layer and four dense
layers. It is important to emphasize that the specific
architecture of the predictive model is not critical to
our method.

The model takes as input three time series sig-
nals: current (/), voltage (V), and temperature (7),
each of length 100, and predicts the SOC for the next
two minutes. We used the same query instances as
in (Arbaoui et al., 2025), which correspond to four
representative points: Early phase of charging (Q1),
Mid charging phase (Q2), Near full charge (Q3) and
Discharging with constant current (Q4). These query
instances are sufficient to understand how the model
works, as they cover all possible scenarios encoun-
tered in the SOC estimation task. For each experi-
ment, we generated a predefined number of Cfs, start-
ing from one and progressively increasing up to ten.
The quality of the explanations was evaluated using
five metrics defined in (Guidotti, 2022):

* Dissimilarity: Measures the average distance be-
tween Cfs and the query instance, as shown in
Equation 5

1
dissimilarity(C) = 7 ZPVOXimit)’(x;) &)

* Implausibility: Assesses the plausibility of the
generated Cfs by computing the distance between
each Cf and its nearest neighbor in X, as shown in
Equation 6

h
implausibility(C %Z 1n||x —xllp (6)
* Actionability: Counts the number of Cfs that ap-
ply changes only to permitted features (Fperm)
specified by the user, as shown in Equation 7,
where fX’; represents the set of modified features
in the i-th counterfactual instance, In our case, this

metric was not applied since all features were con-
sidered changeable.

h
=Y lwicrom D

i=1

actionability(C

e Instability: Evaluates whether the explainer pro-
vides same Cfs (C and C) when given two query
instances (gr and gr) that are close to each other
and yield the same prediction, as shown in Equa-
tion 8

1

instablity(qr,qr,C,C) = Tlo—7h

Y Y IW=¥l ®
XecxeC

In addition to these metrics, we also consider the run-
ning time to further assess and refine the proposed ap-
proach.

For each case, we computed the evaluation met-
rics. Figure 2 illustrates the results across the four
query instances. In addition, we compare our ap-
proach with two dedicated methods, GENO-TOPSIS
(Arbaoui et al., 2025) and NSGA-II (Arbaoui et al.,
2025), as well as two adapted methods, CoMTE,,
(Ates et al., 2021) and AB-CF,, (Li et al., 2023). The
latter were originally designed for binary classifica-
tion tasks and thus required modifications to their loss
functions and stopping conditions in order to be ap-
plied to our regression setting. The evaluation was
conducted using the first query instance (Q1) with
k = 10. Results are reported in Table 1.

The choice of GENO-TOPSIS and NSGA-II is
motivated by the fact that they are, to the best of our
knowledge, the only existing approaches explicitly
developed for generating counterfactual explanations
in multivariate time series regression. Conversely,
CoMTE,, and AB-CF,, were adapted from methods
designed for classification tasks, which explains their
performance differences.

Overall, our approach achieves the most balanced
performance across all evaluation criteria, consis-
tently outperforming competing methods in terms of
dissimilarity, implausibility, instability, and running
time. While AB-CF,, and CoMTE,, achieve rela-
tively close results on some metrics, they fall short
of SOCEG, particularly in plausibility and stability.
This limitation is partly due to their original design, as
both AB-CF,, and CoMTE,, were developed to gener-
ate only a single counterfactual. In contrast, SOCEG
offers greater versatility by producing multiple high-
quality counterfactuals, thereby ensuring both diver-
sity and reliability in explanations.

The main advantage of our approach is that it does
not require an initial population to generate counter-
factuals, unlike the competing methods. Moreover,
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Table 1: Comparison of counterfactual generation methods for Q1 with k£ = 10. The symbol | indicates that smaller values
are preferred, while 1 indicates that larger values are preferred.

Evaluation Metric SOCEG GENO-TOPSIS NSGA-IIT CoMTE,, AB-CF,
Dissimilarity (x 1073, ]) 0.18 243 5.47 0.40 0.34
Implausibility (x 1073, |) 2.69 1.25 3.61 6.40 3.42
Instability (x 1073, |) 2.96 18.32 104.19 6.88 18.58
Running Time (s, |.) 45.04 944.09 168.49 56.98 172.94
Dissimilarity x 10-2 ibility x 10-*
é 04 \ % 0.75 \\
2 E‘o.so &
: CFs. (k)6 ? " : ¢ CFs (k)ﬁ ? 10
15 Instability x 10-3 Time (s)

Instability x 10-3
eoor NN
o w o wu

o
0

o
o

Running Time (s)
w
8

—e— Q1
Q2
—e— Q3
—e— Q4
*—
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6 8 10
CFs (k)

2 8 10

6
CFs (k)

Figure 2: Evaluation of counterfactuals for different query instances.

it exhibits progressive improvement: after generating
the first counterfactual, the dissimilarity and implau-
sibility values decrease with each subsequent genera-
tion.

In terms of the information provided by the coun-
terfactual explanations, our approach identifies both
which features need to be altered and how to modify
them in order to change the model’s prediction to a
desired outcome. In this use case, the results indicate
that the model assigns greater importance to voltage
when the current is stable, which occurs during Q2
and Q4. As expected, there is a strong correlation
between voltage and SOC in these phases. The coun-
terfactual explanations consistently suggest either in-
creasing the voltage, as shown in Figures 4 and 5, to
achieve higher SOC values, or decreasing it, as shown
in Figures 6 and 7, to achieve lower SOC values.

It is also evident that the model infers the cell’s
charge level based on the beginning and end of the
voltage time series, as modifications suggested by the
counterfactuals predominantly occur during these pe-
riods. Additionally, the counterfactuals highlight the
importance of temperature near 100% charge: they
suggest reducing temperature while increasing cur-
rent to lower the SOC, indicating that higher tempera-
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tures influence the model’s predictions in this regime.
Figure 3 presents the distribution of counterfactuals
across all evaluated properties. As expected, the spar-
sity remains consistently equal to 3, since all features
are considered and are correlated; the only variation
lies in the magnitude of change applied to each fea-
ture.

Proximity vs Validity vs Diversity (Color: Sparsity)

Sparsity Values

Figure 3: Distribution of generated counterfactuals across
all properties based on query instance (Q1).
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Figure 5: Comparison between a counterfactual data gener-
ated using our approach and the query instance (Q2) for the
three feature.

Figure 7: Comparison between a counterfactual data gener-
ated using our approach and the query instance (Q4) for the
three feature.
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6 CONCLUSION

In this paper, we proposed a method for generat-
ing counterfactual explanations for multivariate time
series data in regression tasks. Our approach fo-
cuses on model sensitivity to noise and combines
a gradient-based counterfactual candidate generator
with an ontology-based validator to ensure that gen-
erated counterfactuals satisfy user-defined constraints
while preserving essential properties. The genera-
tor selectively targets relevant data segments, adding
controlled noise that respects feature correlations and
variations, while the ontology-based validator guides
generation using high-plausible examples.

We evaluated our method on the SOC estimation
of LFP cells, comparing it with the only two existing
methods designed for this task, GENO-TOPSIS and
NSGA-II, using five metrics: dissimilarity, implau-
sibility, actionability, instability, and running time.
Experiments across four query instances, generating
between 1 and 10 counterfactuals, further assessed
the robustness of our approach. We also included
comparisons with adapted methods, CoMTE,, and
AB-CF,,, originally developed for classification tasks.
Results show that our approach consistently outper-
forms existing methods across all metrics while en-
hancing counterfactual quality in terms of validity,
proximity, sparsity, diversity, and plausibility. The
experiments show that the model captures the strong
correlation between voltage and SOC, with Cfs sug-
gesting voltage adjustments to achieve different SOC
values. Temperature is influential near full charge,
where lowering temperature while increasing current
can reduce SOC predictions. The main contribution
of this work is its adaptable framework, which can be
extended to various use cases. The generation pro-
cess in SOCEQG is largely generalizable across tasks,
but the ontology (particularly Component 2) and the
rules enforcing domain constraints must be redefined
for each domain. Future work will explore the gen-
eralizability of this approach across diverse tasks and
datasets, including SOH estimation.

CODE AVAILABILITY

The source code used in this approach is available on
GitHub at the following repository: SOCEG.
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