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Abstract. Industrial Cyber-Physical Systems (CPS) are sensitive in-
frastructure from both safety and economics perspectives, making their
reliability critically important. Machine Learning (ML), specifically deep
learning, is increasingly integrated in industrial CPS, but the inherent
complexity of ML models results in non-transparent operation. Rigor-
ous evaluation is needed to prevent models from exhibiting unexpected
behaviour on future, unseen data. Explainable Al (XAI) can be used
to uncover model reasoning, allowing a more extensive analysis of be-
haviour. We apply XAI to improve predictive performance of ML models
intended for an industrial CPS use-case. We analyse the effects of com-
ponents from time-series data decomposition on model predictions using
SHAP values. Through this method, we observe evidence on the lack of
sufficient contextual information during model training. By increasing
the window size of data instances, informed by the XAI findings for this
use-case, we are able to improve model performance.

Keywords: Cyber-physical systems, Industry, Explainable AI, Time-
series data, ML model development

1 Introduction

Cyber-Physical Systems (CPS), particularly industrial CPS, are considered as
sensitive infrastructure, both in terms of safety and economic security. Solutions
incorporating Machine Learning (ML) are often utilised in the lifecycle of indus-
trial CPS, e.g., for health monitoring, and therefore must be highly reliable.
Considering the ML model component of CPS, evaluation methods beyond
common ML model performance metrics, i.e., prediction accuracy, F1 score, etc.,
are in demand. While these metrics indicate how well a model performs on the
test data, they do not reveal why it performs well or demonstrate its ability
to generalise to unseen data. Consequentially, spurious correlations used by the

* These authors contributed equally to this work.
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model, which are present in both training and test data, but are not actual causal
relationships, cannot be detected. Understanding the relations a model relies on
is important for robust evaluation and alignment with domain knowledge.

Deep neural networks, often employed as ML solutions, are considered black
boxes due to their complexity [I]. Evaluating such models’ decision rationale is
non-trivial. Explainable AT (XAT) techniques such as SHAP [16] and LIME [20]
can be used to provide insights into the reasoning of Al-based systems [IJ.

XAI can be used during model development to inform the design process, and
during model deployment to support human decision making. By understanding
model behaviour, training hyperparameters can be adjusted based on empirical
deductions, rather than design-space search methodologies. We focus on the use
of XAI for informed model development. It must be mentioned that the high
computational cost is the downside. Considering the context of our use-case,
ensuring reliability of CPS is far more important than the computational cost.

Application of XAI methods to practical CPS use-cases remains limited.
The context of industrial CPS is especially interesting as time-series data, com-
monly associated with such systems, encapsulates complex behaviour. As a con-
sequence, explanations regarding model-reasoning based on time-series might be
less intuitive to understand than reasoning, for example, image data. One op-
tion is to explain model reasoning in terms of high-level human-interpretable
concepts, specifically components from time-series decomposition [10].

Proposed solution We generate and incorporate SHAP values for the fine-tuning
of the ML model module, a Convolutional Neural Network (CNN), in a Fault
Detection and Identification (FDI) solution. We specifically leverage decompo-
sition of the time-series pseudo—signalﬂ and well-argued adjustments to data
formatting based on model’s response to signal components. Given the compo-
nent scoring, upon consistent reliance on a particular component, better repre-
sentation of that component per data instance could have a positive effect. For
instance, a wider data instance could better reflect certain component states, or
a narrower data instance could result in better focus on abrupt variations.

Contribution We provide:

— The application of SHAP to an industrial CPS use-case. Specifically, the
application of concept-based SHAP utilising a custom decomposition of
time-series signals.

— A demonstration of how model performance can be improved during model
development through XAlI-informed decision making.

— Publicly available data [I8] and code [IT] for reproduction.

The use-case serves as a demonstration of achievable improvements. The
approach can be extended to further improve a targeted ML model. Following
this introduction, this paper is organised in Background, Model improvement,

T A time-series is the collection of data points ordered in time, which can be considered
as signal sampling.
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Implementation, and Outcome, to [5] respectively. After a concise
related work in concluding remarks are given in

2 Background

We discuss the relevance of execution phases in industrial CPS to ML models
and provide an overview of XAI methods.

2.1 Industrial CPS data structures

Execution phases are segments of time-series monitoring data collected from
industrial CPS, reflecting the behaviour of the system under scrutiny per indi-
vidual task during an execution [I9]. As industrial CPS operates primarily in
sequential and repetitive machine cycles, the concept of phases is an effective
method of data compartmentalisation. As such, data related to each task or
sub-task can be analysed individually and in isolation. Phases covering tasks
and respective sub-tasks form a hierarchical relation. Compartmentalised and
repetitive phase data are most suitable for ML dataset instances.

2.2 Explainable Al

XAT approaches generally fall into two categories: explaining black box models or
developing inherently interpretable ‘white box’ models. While white box models
offer transparency, due to the restrictions on their architecture, these often pro-
vide lower performance than black box models [I]. Post-hoc and model-agnostic
explainability methods can be applied to any predictive model.

SHAP (SHapley Additive exPlanations) [16] is a popular model-agnostic
method for explaining ML predictions across diverse data types, such as tab-
ular, image, and time-series data. SHAP determines the contribution of input
features to a model’s output across all possible feature combinations, known as
coalitions. This is done by comparing the model output when a feature is in-
cluded or excluded across all possible coalitions. Coalitions are constructed by
masking, i.e., removing, features which are not included. The removal of features
is performed by replacing them with non-informative replacement data.

SHAP’s computational cost grows exponentially with the number of input
features. Therefore, approximation methods such as KernelSHAP were pro-
posed [16]. However, KernelSHAP does not inherently account for dependen-
cies in time-series data, posing a problem for CPS use-cases, which commonly
include time-series data. To overcome this issue, specialised methods such as
TimeSHAP [2] and WindowSHAP [I7] were introduced to both accelerate SHAP
calculations and incorporate temporal dependencies.

C-SHAP [I0] offers another approach, whereas TimeSHAP and Window-
SHAP determine the contribution of data points and segments, C-SHAP con-
siders the contribution of global concepts. Concepts can be defined as high-level
(as opposed to low-level) input features [5]. For example, Sun et al. [21I] define
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image segments as concepts and Kim et al. [15] allow any kind of visual observa-
tion such as ‘stripes’ or ‘female’. C-SHAP [I0] proposes to use components from
signal decomposition as concepts for time-series data.

2.3 Signal decomposition

Signal decomposition is a well-established technique, applicable to time-series
data, with examples such as: Discrete Wavelet Transform (DWT) [7], Empirical
Mode Decomposition (EMD) [9], and Short-Time Fourier Transform (STFT) [6].
While these techniques yield mathematically meaningful components, their prac-
tical interpretation can be challenging.

The custom decomposition approach by [I0] is intended for human inter-
pretability. Instead of considering how a signal can be mathematically decom-
posed, the emphasis is on considering which concepts within the data are most
relevant in understanding its behaviour. Examples of such concepts include clas-
sical signal components such as Bias (the mean level), Trend (the global change),
and Variance, representing changes in amplitude over time.

3 Model improvement

3.1 Use-case

We apply the SHAP-based explainability approach to an anomaly detection and
identification solution [I9], with the aim of improving its performance. For the
use-case, time-series traces collected from an experimental platform are pro-
cessed to identify operational anomalies. This data-centric solution relies on
Convolutional Neural Networks (CNNs), trained in a supervised fashion. The
considered platform execution conditions (classes) are Normal, NoFan, and Un-
derVolt, with the last two being anomalous. Electrical metrics such as current,
voltage, and energy are monitored, with current being the most effective. The

data collection and processing steps are given in [Figure

Ezxperimental setup The experimental platform consists of the ODROID-XU4E|
computing device, monitored by a high-frequency power data logger. To achieve
highest isolation, the computing device and the power logger are attached to
individual Power Supply Units (PSUs). The processor design follows the ARM
big. LITTLE architecture. The computational workload, executed per input, is an
object detection task, processing images provided through a camera or a storage
medium. Power metric readings are collected under the aforementioned execution
conditions. The NoFan execution represents operating with a faulty cooling fan,
while the UnderVolt describes operating with inconsistent and under-provisioned
voltage supply, both affecting the performance and stability of the platform.
With different combinations of workload, processor core, and execution condi-
tion, 24 scenarios are defined. Experiments are not synthetic, nor simulated.

thttps://www.odroid.nl/odroid-xu4
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Fig.1: The experimental setup for machine trace collection and the data pro-
cessing steps leading to a labelled dataset, suitable for training a CNN model.

ML workflow There are two ML workflows for this use-case, one to prepare a
labelled dataset and another to train a CNN model. The workflow to
train the CNN model is rather straightforward. Dataset formation in the former
workflow relies on the compartmentalisation of data per execution phases, as
explained in[Section 2] The raw monitoring data collected in a continuous fashion
during any particular execution is parsed and then cut to system-specific phase
structures. The phase type intended to be used for training and inference shall be
kept. We consider the full processing activity per image, i.e., cycle-op phases.
As the full image processing phase contains more diverse behaviour, it results in a
better demonstration of generating per concept scoring. A windowing algorithm
is used to generate slices of data (instances) from compartmentalised phase data,
alongside the relevant label.

Dataset The resulting dataset in this case is well-balanced. Machine trace data
is collected per scenario followed by a sliding window algorithm. Resulting data
instances cover two dimensions, the temporal dimension (timestamps) and one
metric dimension, i.e., electrical current values. Brief statistics for variations
of this dataset with different sliding window parameters are listed in
Instance count variation is the result of image processing time differences, i.e.,
execution time, which in turn is driven by the employed CPU core type.

ML model A CNN model is used for the scoring method. This classifier CNN
network takes two data channels as input, the time channel and the metric chan-
nel. There are five sequential convolution layers with different output channel
sizes of [64, 64,128,128, 256,256], all having kernel sizes of 5. The convolution
block is followed by a single fully-connected layer of the size 4096. The predicted
class is one of three aforementioned execution conditions.
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Table 1: Instance counts per sliding window profile for the training dataset.

Statistic Profile 100 Profile 200 Profile 400
Window size 100 200 400
Window shift 10 10 10
Per scenario instance (Max) 365136 362136 356 136
Per scenario instance (Min) 12749 12449 11849
Per scenario instance (Mean) 136 620 134973 131678
Total instances 3278899 3239359 3160279

3.2 High-level approach

The C-SHAP workflow for post-hoc explanations consists of three steps: model
training, concept construction and calculation of the SHAP values, as depicted
in[Figure 2] We already covered the model training. What remains is the concept
construction using time-series decomposition, as will be discussed next, and the
calculation of the SHAP values.

Predictive
model

Original signal

=

to s ts tip b ta

Model training

C-SHAP calculation
Concept C, Masked C,

Predictive
model
Original signal Concept C, Concept C, Masked signal
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Fig. 2: C-SHAP workflow, including concept construction from signal data, mask-
ing and calculation of C-SHAP, i.e., attribution scores.

For the concept construction, time-series decomposition is used. Existing de-
composition methods come with limitations, hindering their applicability to our
use-case data. For example, EMD cannot represent the discrete jumps present in
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our data. Initial experiments with the DW'T revealed its capability for dealing
with jumps using the Haar wavelet. However, the interpretability of the resulting
components is questionable. For C-SHAP to be useful, domain experts need to
be able to understand the meaning of considered components. We use a custom
decomposition designed specifically for interpretability, as discussed in[Section 2}
The defined concepts are: ‘Levels’, ‘Peaks’, ‘Scale’, ‘Low Frequency (LF)’ and
‘High Frequency (HF)’. We model the ‘Scale’ component as multiplicative, while
the other components are additive. This results in the decomposition:

Y(t) = YLevels (t) + YPeaks(t) + ¥Scale (t) X (YLF (t) + yur (t)) (1)

4 Implementation

4.1 Concept construction

To generate the C-SHAP, i.e., SHAP scores, to determine concept contribution
in model prediction, concepts are constructed from the input data. The concept
construction uses the decomposition defined in For the implemen-
tation of this decomposition, components are extracted from left to right.

First, the ‘Levels’ component is constructed, modelling the local mean of
the signal. We achieve this using Change Point Detection (CPD), which detects
changes in the data distribution, yielding segments with similar behaviour. The
‘Levels’ component is modelled as the mean of the signal on these segments.
Change points are detected using the Pruned Exact Linear Time (PELT) algo-
rithm [I4]. For the detection, a Radial Basis Function (RBF) cost function is
used, with a subsampling of 40 points and a penalty of 50. Residuals resulting
from removing the level changes are filtered from the signal. Specifically, points
within 20 time-steps of a level change are resampled from a normal distribution
with the mean and standard deviation of the preceding segment. The resampled
values are smoothened using a moving average with window size 20.

Next, the ‘Peaks’ component is modelled as statistical outliers, i.e., points
with values below the first quantile or above the third quantile. To maintain
plausibility of the filtered signal, peaks are not replaced by zero, but replaced
by the median of the signal. Noise is added to the replacement values with zero
mean and a standard deviation equal, matching that of the peak-filtered signal.
To maintain the smoothness of the signal, a moving average is applied to the
noise before adding it to the signal.

The ‘Scale’ component is modelled as the maximum absolute value of the
remaining signal. The ‘Low frequency’ component is calculated as the moving
average of the signal with a window of 75 points. Finally, the ‘High frequency’
component represents the residual of the signal.

4.2 C-SHAP calculation

The SHAP values are calculated exactly, rather than using approximation meth-
ods such as KernelSHAP [I6]. To mask features, i.e., concepts, with uninforma-
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tive data they are replaced by concepts sampled from the training data, a com-
mon practice in literature. We use training data, rather than zero values, which
are unrepresentative of our data distribution (a sample with no high-frequency
behaviour is unrealistic) and can lead to out-of-distribution effects inherent in
SHAP-based methods.

This training data is selected from scenarios corresponding to the same CPU
core type and number of execution rounds. This results in a selection of six
scenarios (out of 24). From each scenario we randomly select five cycles. The
choice of five was made to capture diversity while limiting computational costs.
To allow for the substitution of components, the selected samples need to match
the length of the original components. Longer samples are truncated by removing
data from the end, shorter samples are padded by repeating the final value.

4.3 Test data

C-SHAP is applied to data instances kept aside during training, to be used for
final inference. We select two samples (cycle-op phases) from 3 scenarios, each
belonging to one of the execution classes, i.e., Normal, NoFan, and UnderVolt.
We select the samples from early and late points in the execution timeline to re-
flect the variations and effects of anomalies. The instances generated by running
the windowing algorithm over these samples forms our test data.

5 Outcome

The CNN model trained on windows of size 100 achieved an accuracy of 83.78%
on the test data. shows the mean absolute C-SHAP values over all test
data. The ‘Levels’ concept is the most influential on the model’s predictions,
followed by ‘High frequency’ and ‘Peaks’. Hence, the model mainly relies on the
local level of the current, while also considering rapid fluctuations. The scale of
the fluctuations and slow changes over time are considered less important.

These results are illustrated in and visualising two segments
of test samples with the SHAP values for the concepts of the associated win-
dows. ‘Levels’ generally displays higher SHAP values than the other concepts.
Importantly, drops in the ‘Levels’ SHAP values coincide with misclassifications,
demonstrating the influence of the ‘Levels’ concept on these errors.

The histogram of ‘Levels’ values in the training data shows there
is a class separation based on level, but also an overlap between classes. Analysis
of misclassified samples of the classes Normal and NoFan reveals that
many errors occur in the overlapping ‘Levels’ value range. We focus on these
two classes, since we found that most errors occur due to the confusion between
them. The confusion is specifically apparent between 0.680-0.685, where Normal
is prevalent, and 0.685-0.700, where NoFan is prevalent.

We hypothesised that increasing the window size would provide more contex-
tual information and reduce the ambiguity related to the ‘Levels’ values, since
more windows may include multiple levels. Training models with window sizes
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Fig.4: Change in SHAP values (mean
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data when increasing the window size

to the concepts. from 100 to 400.

of 200 and 400 data points, improved test accuracies to 87.9% and 92.3% re-
spectively. Comparing SHAP values between the models with window sizes 100
and 400 , illustrates that this improvement is matched by an increase
in the SHAP values for the ‘Levels’ concept, as hypothesized. shows
that the new models seem to display more consistent SHAP values for ‘Levels’.
This increased stability is confirmed by the decrease in standard deviation of the
mean absolute SHAP value of the ‘Levels’ concept from 0.178 for window size
100, to 0.170 for window size 200, and to 0.155 for window size 400.

6 Related work

The use of SHAP values for feature selection has been covered in the literature,
e.g., [16/22]. While for traditional models, the effect of high-level features is di-
rect [I3], the control over features for deep learning models such as CNNs is
generally indirect. These models extract suitable high-level features themselves,
which can only be influenced through hyperparameter or data manipulation.
Common examples of XAI through the SHAP scoring of high-level features re-
volve around image analysis use-cases [12/3]. As per context of our use-case,
we focus on solutions for industrial CPS and apply SHAP scoring to features
extracted from time-series data, which portray complex behaviour.

Within the literature, while claiming application of XAT in solutions intended
for CPS domain, shortcomings are apparent. Not every considered use-case can
be designated as a CPS in its industrial sense, e.g., a hard disk drive [4]. Such
loose categorisations are seen in CPS-focused surveys [8]. The main cause is
perhaps the variable definition of the term ‘CPS’ itself.
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Fig.5: The predictions and SHAP values for two selected example segments
from the inference data. a), ¢) and e) correspond to segments of the same NoFan
sample, while b), d) and f) correspond to segments of the same Normal sample. a)
and b) correspond to the results for window size 100, while ¢) and d) correspond
to size 200, and e) and f) correspond to 400. In the top rows of the images, the
signal is shown along with the predicted classes as coloured overlays, marking the
associated windows. For the NoFan sample, the purple windows are correct, and
for the Normal sample, the white windows are correct. For each component, the
component itself is plotted, combined with the SHAP values for each window.
For c)-f) only the ‘Levels’ component is shown for clarity.
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7 Conclusion and future work

We described an approach to arrive at effective ML model hyperparameter ad-
justments, relying on XAI techniques. We argued the advantage over design-
space search methodologies, as XAl provides the designer with reasoning behind
the adjustment, making the model superior in terms of reliability and dealing
with future, unseen data. We have shown how this approach is implemented for
time-series data collected from industrial CPS machine operations, by consid-
ering custom, human-interpretable signal decompositions. The improvements in
prediction performance is demonstrated using our experimental platform. It must
be noted that while our method of applying XAI to uncover model reasoning is
generalisable, both the model reasoning itself and the potential improvements
presented in this paper are dataset and model specific.

Given the component scoring, upon consistent reliance on a particular com-
ponent, a less complex architecture could be considered, or the opposite could be
argued. Plus, depending on component importance, a lower sample rate could be
argued in favour of. This means that the monitoring subsystem can be adjusted
accordingly, leading to lower data sampling overhead and data size reduction.
Additionally, the measures taken based on the XAI findings should be compared
with the other techniques, such as automated hyperparameter tuning and alter-
ative XAT approaches, e.g., WindowSHAP [I7]. These can be interesting future
work avenues to explore.
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