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Abstract: This paper investigates the potential of Explainable Artificial Intelligence (XAI)
methods to improve the interpretation of Al-based models in smart manufacturing
applications. The study focuses on SHAP and LIME techniques, analyzing their ability to
explain model decisions, identify the most influential input features, and provide insights
into both individual predictions and overall model behaviour.

A practical case study based on the Steel Plates Faults dataset is presented using a
Random Forest classification model to investigate the application of explainable Al
techniques for steel plate fault detection. The results demonstrate that SHAP and LIME
methods provide valuable insights into model decision-making by identifying the key
features influencing fault classification. These explainability approaches enhance model
transparency and trustworthiness, supporting the development of more reliable Al-based
solutions for industrial quality inspection and smart manufacturing applications.

Keywords: explainable artificial intelligence (XAI), model interpretability, machine
learning, SHAP, LIME, transparency

1. Introduction

Artificial intelligence (Al) has become a key technology in the transformation of
modern industrial systems, enabling machines to perform complex tasks such as
learning, reasoning, and decision-making. Advances in machine learning
algorithms, computational capabilities, and data availability have accelerated the
adoption of Al in various domains, including smart manufacturing, robotics, and
autonomous systems [1]. In industrial environments, Al-based solutions are
increasingly applied for quality inspection, predictive maintenance, process
monitoring, and production optimization, contributing to improved efficiency and
more adaptive decision-making.

Despite their high predictive performance, many advanced machine learning
models remain difficult to interpret due to their complex internal structures. This
limitation is particularly evident in deep learning and other nonlinear models,
which are commonly considered black-box systems. Although the input data and
final predictions are available, the reasoning process leading to a specific decision
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is often unclear to human users [2]. This lack of transparency represents a
significant barrier to the wider adoption of Al in industrial applications, where
reliability, safety, and accountability are critical requirements.

In manufacturing environments, Al-driven decisions can directly influence
product quality, equipment operation, and production efficiency. Therefore,
achieving high prediction accuracy alone is not sufficient; it is also necessary to
understand which factors contribute to a model decision and whether the model
relies on meaningful patterns. Without such insight, detecting errors, validating
model behaviour, and ensuring reliable operation become considerably more
challenging [1].

To overcome these limitations, Explainable Artificial Intelligence (XAI) has
emerged as an important research field focused on developing methods that
improve the understanding of Al model decisions. XAl approaches aim to
transform complex model outputs into meaningful explanations, enabling users to
analyse model behaviour, verify predictions, and identify the factors influencing
decision-making [2]. Consequently, explainability has become a fundamental
component of trustworthy Al, together with transparency, fairness, robustness,
accountability, and user confidence [3].

The importance of XAI is further emphasized by ethical and regulatory
requirements for Al deployment. Modern Al systems are expected not only to
achieve high performance but also to provide transparent and accountable
decision-making processes. Frameworks such as the General Data Protection
Regulation (GDPR) and the European Union Artificial Intelligence Act (EU Al
Act) highlight the importance of transparency, documentation, human oversight,
and risk management in Al applications [4], [5].

Among different XAI approaches, model-agnostic methods have attracted
significant attention due to their ability to explain various machine learning
models independently of their internal architecture. Two widely adopted methods
are Local Interpretable Model-Agnostic Explanations (LIME) and SHapley
Additive exPlanations (SHAP). These techniques provide insights into feature
contributions and enable both local explanation of individual predictions and
global analysis of overall model behaviour. Their flexibility makes them
particularly suitable for analysing complex machine learning models used in
industrial applications.

The objective of this paper is to investigate the contribution of XAl methods to
the development of transparent and trustworthy Al systems for industrial fault
detection. The study focuses on SHAP and LIME approaches and analyses their
capabilities, advantages, and limitations. Furthermore, a practical case study based
on the Steel Plates Faults dataset is presented using a Random Forest classification
model to demonstrate how SHAP and LIME can identify the most influential
features and provide deeper insights into the decision-making process of machine
learning models.
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2. Fundamentals of Explainable Artificial Intelligence

Two fundamental concepts are central to understanding transparent artificial
intelligence systems: interpretability and explainability. Although these terms are
often used interchangeably, they describe different aspects of understanding Al
model behaviour. Interpretability refers to the inherent ability of a model to
provide insight into its internal decision-making process, while explainability
refers to the use of additional techniques to generate understandable explanations
of model predictions.

Interpretability is an intrinsic property of models whose internal structure can be
directly understood by humans. In interpretable models, the relationship between
input variables and outputs is explicitly represented, allowing users to analyse
how individual features contribute to a prediction [6]. Decision trees, linear
regression models, and rule-based systems are typical examples of white-box
models, where the reasoning process is directly accessible without additional
explanation mechanisms [7].

The importance of interpretability is particularly evident in industrial applications,
where Al decisions may influence product quality, equipment reliability, and
operational safety. In such environments, understanding why a model generates a
specific prediction is essential for model validation, error analysis, and informed
decision-making. For example, identifying the reasons behind a detected
manufacturing defect or a predicted equipment failure can support preventive
actions and improve system reliability.

In contrast, explainability focuses on providing understandable interpretations of
complex Al models whose internal mechanisms cannot be directly examined.
Instead of modifying the original model, explainability methods generate
additional representations, such as feature importance scores, surrogate models,
or visual explanations, to reveal the factors influencing a prediction [8]. Therefore,
explainability serves as a bridge between complex machine learning models and
the human need for transparency, trust, and accountability, Figure 1.
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Cognitive Dimension Technical Dimension

From a cognitive p ive, inability refers to the From a ical p ive, (post-hoc) explair

ability to accurately describe the mathematical decision implies that a model is so complex that it requires

logic, ical process, i or if i auxiliary explanation tools or methods to make its
that led to a model’s output. The focus is on the decision logic comprehensible for humans.

property of the model itself.

Burkart & Huber (
). Rudin (2019)

021),

Supporting references: Berente et al. (2021}, Broniatowski (2021) Mes

General definition:

In the context of Al and ML models, interpretability and explainability generally refer

to a model’s ability to explain or present its behavior in human-understandable terms.

Supporting references: Doshi-Velez & Kim (2017), Guidotti et al. (2018)

From a cogniti ive, interp ility refers to From a i i i interp, ility
Interpretability the ability to derive meaning from a model’s output so denotes that a model is already structured in a way

that humans can make a decision by leveraging their that its decision logic is inherently accessible and
background knowledge for a specific case. The focus is understandable for humans without the need for post-
on the human interpreter’s role. hoc explanation.

ces: Burkart & Huber (2021),
Rudin (2019)

Supporting references: Berente et al. (2021), Broniatowski (2021)

Figure 1. Conceptual comparison between interpretability and explainability in
Al models [9]

2.1. Taxonomy of XAl Methods

Explainable artificial intelligence represents a broad collection of methods that
differ according to how explanations are generated and presented. The most
common classifications are based on whether explanations are integrated into the
model itself or generated after training, whether they describe the entire model
behaviour or individual predictions, and whether they depend on a specific model
architecture.

2.1.1. Intrinsic Interpretability and Post-hoc Explainability

XAI methods can first be classified into intrinsic interpretability and post-hoc
explainability approaches. As previously defined, intrinsically interpretable
models are understandable by construction, with their decision-making process
directly represented through mathematical relationships or logical rules. However,
a major challenge of these transparent approaches in industrial environments is
the trade-off between interpretability and performance [9]. Although they provide
high transparency, their predictive performance may be severely limited when
dealing with highly nonlinear and complex industrial problems, which often
require more sophisticated, non-linear models. To better understand these
differences, Figure 2 summarizes and compares the characteristics of intrinsic and
post-hoc interpretability across different stages of the machine learning process,
from data input to model assessment, with the post-hoc approach discussed in
more detail in the following section.
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Inherently Interpretable Machine Learning

Figure 2. Comparison between intrinsically interpretable models and post-hoc
explanation approaches [9]

Post-hoc explainability methods are applied after a model has been trained and
are particularly important for complex black-box models such as ensemble
methods and deep neural networks. These techniques analyse the relationship
between model inputs and outputs without modifying the original model,
providing information about feature influence and decision-making patterns [9].
Post-hoc methods enable the use of high-performance models while still providing
a certain level of transparency required for trustworthy Al deployment. In this
study, we adopt this post-hoc perspective, applying SHAP and LIME to interpret
the predictions of a Random Forest classifier trained on the steel plates faults
dataset.

2.1.2. Global and Local Explanations

Another important distinction in XAl concerns the scope of explanations. Global
explanations describe the overall behaviour of a model by analysing general
decision patterns and the importance of input features across the entire dataset.
They provide insight into how the model operates as a whole.

In contrast, local explanations focus on individual predictions and identify the
specific features that influenced a particular decision. This approach is especially
valuable for analysing individual cases, such as explaining why a specific
industrial product was classified as defective or why a particular anomaly was
detected.
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Global and local explanations provide complementary perspectives, Figure 3.
While global explanations improve the understanding of general model behaviour,
local explanations provide detailed reasoning behind individual predictions,
which is often crucial for practical decision support [7].

S AN
| Global
} : Interpretation
I
: Local
! = Interpretation
| |
W o e e
=)

Figure 3. Difference between global and local explanations in XAl [10]

2.1.3. Model-Specific and Model-Agnostic Approaches

Because machine learning algorithms differ in their architectures, complexity, and
internal mechanisms, XAI methods are commonly divided into model-specific
and model-agnostic approaches.

Model-specific methods are designed for a particular class of models and use
information from their internal structure, such as parameters, weights, or
activation patterns. These approaches can provide detailed explanations but are
limited to specific model architectures [10]. Examples include gradient-based
methods such as Integrated Gradients, activation-based methods such as Grad-
CAM, and relevance-propagation approaches such as Layer-wise Relevance
Propagation (LRP) [11], [12].

In contrast, model-agnostic methods explain model behaviour independently of
the underlying algorithm. They treat the model as a black box and analyse the
relationship between input features and predictions. This flexibility enables their
application to different machine learning models without requiring modifications
to the original architecture [13].

Model-agnostic methods are particularly valuable in industrial applications
because they allow engineers to select the most accurate model for a given task
while maintaining the possibility of generating meaningful explanations. Among
the most widely adopted approaches are Local Interpretable Model-Agnostic
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Explanations (LIME) and SHapley Additive exPlanations (SHAP), which are
further analysed in the following section.

Table 1 summarizes the main differences between model-specific and model-
agnostic XAl approaches.

Table 1. Comparative overview of model-agnostic and model-specific
approaches

Aspect Model-agnostic approach Model-specific approach
Applicability Independent of internal Tied to a particular
architecture; usable across architecture; limited to a
model families specific class of models
Operating Perturbing inputs and Accessing internal weights,
mechanism observing changes in the gradients, and layers
output directly
Computational | Often high (thousands of Usually lower (computed
cost repeated predictions) directly from existing
parameters)
Fidelity May be less precise, since it | Often more precise, since it
relies on approximating reflects the model's actual
model behaviour internal logic
Advantages Universality, flexibility, Higher precision and deeper
applicability across different insight into the model's
models internal structure
Limitations May yield approximate Restricted to particular
explanations that overlook | models and often demands
model-specific detail deeper technical expertise
Representative LIME, SHAP, Partial Integrated Gradients, CAM,
examples Dependence Plots Grad-CAM, LRP

3. Model-Agnostic Explainble AT Methods: Lime And Shap

Model-agnostic XAl methods have become widely adopted because they enable
the interpretation of different machine learning models without requiring access
to their internal structures. Instead of modifying the original model, these
approaches analyse the relationship between input features and model outputs to
generate understandable explanations [14]. Among the most widely used model-
agnostic techniques are Local Interpretable Model-Agnostic Explanations (LIME)
[13] and SHapley Additive exPlanations (SHAP) [15].
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3.1. LIME: Local Interpretable Model-Agnostic Explanations

LIME is a model-agnostic explanation technique designed to interpret individual
predictions of complex machine learning models. The main idea behind LIME is
that although a model may be highly nonlinear and difficult to understand
globally, its behaviour around a specific instance can often be approximated using
a simpler interpretable model [13].

The method generates perturbed samples around the instance of interest and
obtains predictions from the original model. These samples are weighted
according to their similarity to the original instance and are then used to train a
simple surrogate model, typically linear regression or a decision tree. The
parameters of this local model indicate the contribution of individual features to
the prediction, providing insight into why a specific decision was made [13].

The main steps of LIME can be summarized as follows:

selecting an instance to be explained;

generating perturbed samples around the selected instance;

obtaining predictions from the original model;

assigning weights according to the distance from the original sample;
training an interpretable surrogate model;

analysing feature contributions to generate the explanation.

LIME improves the transparency of black-box models by providing human-
understandable local explanations. In addition, the quality of the explanation
strongly depends on the selection of the local neighbourhood [13].

3.1.1. Strengths and Limitations of LIME

The main advantage of LIME is its flexibility and applicability to different
machine learning algorithms, including Random Forest, support vector machines,
and neural networks. Since it does not require knowledge of the model
architecture, it can be applied to a wide range of classification and regression
problems [7].

However, LIME has several limitations. The stochastic nature of perturbation
sampling may reduce explanation stability, while unrealistic generated samples
can negatively influence the quality of the surrogate model. Furthermore, LIME
focuses only on individual predictions and does not provide a direct global
understanding of the overall model behaviour [7].
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3.2. SHAP: SHapley Additive exPlanations

SHAP, introduced by Lundberg and Lee, is one of the most influential XAI
methods for interpreting machine learning predictions. It is based on Shapley
values from cooperative game theory, where each input feature is considered as a
contributor to the final model prediction [15].

The main principle of SHAP is to distribute the difference between the model
prediction and the average prediction among the input features according to their
individual contributions. Positive SHAP values indicate features that increase the
prediction value, while negative values represent features that decrease it. The
magnitude of the SHAP value reflects the strength of the feature influence [15].
SHAP supports both local and global explanations [15]. Local explanations
describe why a specific prediction was generated, while global explanations
aggregate SHAP values across multiple samples to identify the most influential
features in the entire dataset.

Several SHAP variants have been developed depending on the underlying model
structure. KernelSHAP provides a model-independent approximation suitable for
different machine learning models, while TreeSHAP is optimized for tree-based
algorithms such as Random Forest and gradient boosting models, providing faster
and more efficient explanations [15].

3.2.1. Visualization of SHAP Explanations

SHAP visualizations provide an intuitive representation of feature contributions
and are essential for interpreting model behaviour. Common visualization
techniques include:
e  Summary plots, which show global feature importance and the direction
of feature influence across the dataset.
e  Waterfall plots, which explain individual predictions by showing how
each feature contributes to increasing or decreasing the final output.
e [Force plots, which illustrate the contribution of individual features
relative to the model baseline value.

These visualizations enable engineers and domain experts to analyse model
decisions without requiring detailed knowledge of the underlying machine
learning algorithm [15].

3.2.2. Strengths and Limitations of SHAP

The main advantage of SHAP is its strong theoretical foundation and ability to
provide consistent feature attribution. Unlike LIME, SHAP explanations can be
aggregated to obtain a reliable global interpretation of model behaviour. This
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property makes SHAP particularly suitable for industrial applications where
identifying the most influential process variables is important [7].

However, the original SHAP formulation can be computationally demanding,
especially for models with a large number of features. In addition, correlated input
variables may affect the interpretation of feature importance. Therefore, selecting
an appropriate SHAP variant and considering the characteristics of the dataset are
important for practical deployment [7].

3.3. Comparison of LIME and SHAP Methods

LIME and SHAP provide complementary approaches to explaining machine
learning models. LIME focuses primarily on local interpretation by approximating
the behaviour of a model around a specific instance using an interpretable
surrogate model. In contrast, SHAP provides feature contributions based on
Shapley values, enabling both local and global analysis of model behaviour.

The main difference between the two methods lies in their explanation principles.
LIME offers simplicity and flexibility but may suffer from instability due to
random sampling. SHAP provides more theoretically consistent explanations but
can require higher computational resources.

For industrial Al applications, the choice between LIME and SHAP depends on
the specific requirements of the problem. While LIME is useful for understanding
individual predictions, SHAP is particularly suitable for analysing feature
importance and overall model behaviour. In this work, both methods aic applicd
to a Random Forest classification model for steel plate fault detection to evaluate
their ability to improve model transparency and trustworthiness.

4. Application of XAI Techniques: Case Study

This chapter presents a case study applying the XAl methods discussed earlier to
the problem of classifying surface defects on steel plates. The dataset used brings
together measurements of the physical and geometric properties of individual
plates alongside the type of defect each one exhibits. The aim here is not merely
to build a working classifier, but to examine how that classifier arrives at its
decisions.

A conventional multi-class machine learning model is developed first, after which
SHAP and LIME are applied to explain its predictions. Particular attention is
given to both global and local explanations, and to how the two XAl techniques
compare in terms of interpretability and practical relevance for industrial
deployment.
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4.1. Description of the Classification Problem and Dataset
4.1.1. Problem description and industrial motivation

Quality control is one of the most important steps in any modern production line.
During the manufacturing of steel plates and sheets, various surface flaws
inevitably appear. Left unaddressed, such defects can compromise the mechanical
properties of the material, reduce its market value, and ultimately lead to the
finished product being rejected outright. Manual inspection, the traditional
response to this problem, is slow, costly, and inherently subjective, leaving it
vulnerable to human error. Automating the process with machine learning allows
defects to be classified quickly and consistently, in something close to real time.

Conventional predictive models used for this purpose, however, tend to behave as
black boxes. A model may flag a defect with high accuracy and still leave
production engineers with no idea why it reached that conclusion. Without insight
into which factors actually drove a decision, it becomes difficult to adjust
production parameters in time to prevent the same defect from recurring.
Overcoming exactly this kind of opacity is the underlying motivation for the case
study presented in this chapter.

4.1.2. Dataset characteristics

The analysis relies on the publicly available Steel Plates Faults dataset, obtained
from the UCI Machine Learning Repository [16]. It contains 1,941 instances, cach
corresponding to a steel plate sample, described by 27 input features that capture
the geometric and visual characteristics of a surface defect and labelled with one
of seven possible fault types.

The input variables are derived from image analysis of industrial steel plates and
represent a numerical encoding of the irregularities detected. They fall into three
broad groups [16]:

e Geometric and spatial properties: the coordinates of the flaw on the plate
(X_Minimum, X Maximum, Y Minimum, Y Maximum), the area of the
defect (Pixels_Areas), its perimeter (X Perimeter, Y _Perimeter), and the
thickness of the plate itself (Steel Plate Thickness).

e Optical properties: pixel luminosity within the defect region, which helps
distinguish darker flaws such as stains from lighter surface anomalies
(Sum_of Luminosity, Minimum_of Luminosity, Maximum_of
Luminosity).

e Material type: categorical variables encoded in binary form indicating the
grade of steel used (TypeOfSteel A300 and TypeOfSteel A400).
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The output variable identifies the fault type, with the dataset covering seven
mutually exclusive classes of surface damage [16]:
e Pastry: a surface irregularity resembling a thickened or clumped layer of
material on the plate.
® 7/ Scratch: scratches produced during processing, handling, or transport
of the material.
e K Scratch: a distinct, typically deeper and more pronounced type of
surface scratch.
e Stains: discolouration on the surface, most often caused by liquids, oils,
or production processes.
e Dirtiness: contamination of the surface by dust, dirt, or other foreign
particles.
e Bumps: physical protrusions on the surface caused by mechanical stress.
e Other Faults: a catch-all category for rarer or less clearly defined defects
that do not fit the categories above; it is also the most frequent class in the
dataset.

Table 2. Sample distribution across defect classes

Defect class Number of samples
Other Faults 673
Bumps 402
K_Scratch 391
Z Scratch 190
Pastry 158
Stains 72
Dirtiness 55

As Table 2 shows, the classification problem is defined over a markedly
imbalanced dataset. Other Faults is far better represented than minority classes
such as Dirtiness and Stains, a distribution that is entirely typical of real industrial
processes, where certain specific faults simply occur far less often than others.
Because the Steel Plates Faults dataset consists exclusively of numerical
measurements extracted through automated image analysis, rather than actual
photographs of the defects, a visual sense of the raw data is instead given through
annotated sample tables. For clarity, and given the practical limits on space, only
six representative attributes are shown: Pixels Area, Plate Thickness, Luminosity
Index, Conveyor Length, and the two binary steel-type indicators (A300 and
A400), for five representative samples drawn from two classes, Bumps and
Other_Faults (Table 3 and Table 4).
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Table 3. Annotated samples from the Bumps class

Sample Pixels Plate Luminosity | Conveyor Steel Steel
Area (px) | Thickness Index Length A300 A400
(mm) (mm)

1 3234 80 -0.157 1692 1 0

2 178 80 -0.228 1694 1 0

3 38 60 -0.115 1690 1 0

4 147 50 -0.213 1358 0 1

5 74 70 -0.116 1688 1 0

Table 4. Annotated samples from the Other Faults class

Sample | Pixels Area Plate Luminosity | Conveyor Steel Steel
(px) Thickness Index Length A300 A400
(mm) (mm)

1 1695 300 -0.263 1692 0 1

2 949 80 -0.371 1687 1 0

3 169 80 -0.165 1687 1 0

4 836 150 -0.189 1360 1 0

5 381 143 -0.005 1694 1 0

4.2. Machine Learning Model Development

This section covers the preparation of the data and the construction of a classifier
for steel-plate defects. The task is defined as multi-class classification, with every
sample assigned to exactly one of the seven fault categories.

4.2.1. Data preparation

The dataset was first loaded and its columns assigned appropriate names, then
converted to a numerical format suitable for machine learning algorithms; missing
values and the overall structural integrity of the data were also checked at this
stage. One characteristic of this particular dataset is that the seven defect classes
are originally encoded as seven separate binary columns, where a value of 1 marks
the presence of a given fault and 0 its absence. To enable multi-class classification,
these columns were collapsed into a single target variable by identifying, for each
row, the column carrying the maximum (i.e., positive) value.
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The resulting class labels were then converted into numerical values using a
LabelEncoder, completing the preparation of the dataset for the learning
algorithm. To obtain an honest evaluation of the model on data it had not seen
during training, the full set of 1,941 samples was split into a training set (80%)
and a test set (20%). The training set is used to fit the model's parameters, while
the test set is reserved exclusively for evaluating performance on previously
unseen data, mimicking how the model would actually be used in production.
Given the pronounced class imbalance noted before, the split was stratified by
class label, so that the proportion of each class remained approximately the same
in both the training and the test set. This reduces the risk that minority classes such
as Dirtiness or Stains end up under-represented in either subset, and, in turn, the
risk of a model biased toward the dominant classes. A fixed random seed was used
throughout to keep the split and the experiment as a whole - reproducible.

4.2.2.  Building the classification model

Random Forest was selected as the classification algorithm. It is one of the best-
known machine learning methods for classification and regression problems, built
on the principle of ensemble learning - combining a large number of individual
models to obtain predictions that are both more accurate and more stable than any
single model could produce on its own [17].

In a Random Forest, each individual model is a decision tree. Rather than relying
on a single tree, which tends to overfit the training data, the algorithm grows a
large number of trees that together form the "forest"; the model's final decision is
obtained by combining the outputs of every tree, improving generalisation and
curbing overfitting.

Two mechanisms keep the individual trees sufficiently different from one another
[17]:
® Bagging (Bootstrap Aggregating): each tree is trained on a random subset
of the data sampled with replacement from the original dataset, so that
some observations appear in a given tree's training sample multiple times
while others do not appear at all.
® Feature randomness: when splitting a node, each tree considers only a
randomly selected subset of the available features rather than all of them,
which keeps one or two dominant features from shaping every tree in the
same way and keeps correlation between trees low.

Once all the trees have been trained, their outputs are aggregated to reach a final
decision. For classification, each tree casts a vote for a class and the final
prediction follows a majority vote; for regression, each tree instead predicts a
numerical value and the final prediction is the average across all trees [17].
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Random Forest is known for high accuracy, resistance to overfitting, and the
ability to handle large datasets, including ones with missing values; it also
supports feature-importance estimates that help clarify how the model reaches its
decisions. Its main drawbacks are reduced interpretability, given the sheer number
of trees involved, and higher memory and processing requirements compared with
simpler models.

The algorithm was chosen here for its strong generalisation ability and its wide
use in classification problems. As a black-box model, it is also well suited to
demonstrating what explainable Al methods can add on top of a conventional
classifier.

The model was configured with 300 decision trees to improve prediction stability
and reduce variance, and a minimum leaf size of two samples to keep individual
trees from over-fitting to isolated observations. A class-weighting scheme
(balanced subsampling) was also introduced to counter the class imbalance
identified earlier, giving smaller, under-represented classes more weight during
training and reducing the model's bias toward the dominant classes.

Configured this way, the model achieves stable performance while remaining
suitable for the post-hoc interpretation carried out using SHAP and LIME.

4.3. Model Performance Evaluation

Evaluating a model's ability to generalise to unseen data is a critical step in any
machine learning pipeline. Here, the model was tested on the held-out test set,
which played no role in training, in order to approximate how it would behave in
a real deployment.
Several standard classification metrics were used to quantify performance:
® Accuracy: the proportion of correctly classified samples, positive and
negative alike, out of the total number of samples.
e Precision: the proportion of predicted-positive samples that are actually
positive, indicating how reliable the model's positive predictions are.
® Recall: the proportion of actual positive samples the model correctly
identifies, a critical metric wherever missing a positive case is
unacceptable.
® [F'[-score: the harmonic mean of precision and recall, used as a balanced
measure, particularly valuable when classes are unevenly represented.
e Support: the number of actual samples belonging to a given class in the
test set - a property of the data itself rather than of the model's
performance.

The Random Forest model achieved an overall accuracy of 78.66%. A per-class
classification report, shown in Table 5, offers a more detailed picture.
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Table 5. Classification report on the test set

Class Precision Recall F1-score Support

Bumps 0.7162 0.6543 0.6839 81
Dirtiness 0.8333 0.9091 0.8696 11
K_Scratch 0.9726 0.9103 0.9404 78
Other_Faults 0.7200 0.8000 0.7579 135
Pastry 0.5758 0.5938 0.5846 32
Stains 0.9231 0.8571 0.8889 14

Z Scratch 0.9706 0.8684 0.9167 38

The support column confirms the imbalance already visible in the full dataset,
with Other Faults dominating the test set and Dirtiness represented by only a
handful of samples. The model performs strongly on K Scratch and Z Scratch,
identifying these fault types with very few errors, while performance is weakest
on Pastry, where the model frequently confuses this class with other types of
imperfection. Bumps also show only moderate results, with roughly a third of
genuine defects missed. Notably, Dirtiness stands out despite its tiny sample size,
as the model successfully catches most real contamination cases even with very
little training data to learn from.

A confusion matrix (Figure 4) was also used to examine the model's errors in more
detail, tracking the four possible outcomes of a classification decision: true
positives, true negatives, false positives (Type I errors), and false negatives (Type
I errors) [18].

The confusion matrix confirms that the model performs best on classes with more
training examples and struggles more with under-represented ones - an expected
consequence of the imbalance discussed earlier, since dominant classes exert a
stronger pull on what the model learns. Other Faults is recognised most reliably,
unsurprisingly given its size, and K_Scratch and Z Scratch are also classified
fairly well; Dirtiness and Stains show high precision, though their small sample
sizes warrant some caution in that reading. The most pronounced confusion occurs
between Bumps and Other Faults, with a substantial number of samples crossing
from one class into the other - a sign that the two share visually similar
characteristics. Pastry is also frequently misclassified, chiefly as Other Faults or
Bumps, suggesting its defining patterns are either weaker or under-represented in
the data.

These evaluation metrics indicate reasonably solid overall performance, but they
are inherently limited when it comes to interpretability: they quantify how well
the model performs without ever answering the more useful question of why a
particular decision was made, or which input characteristics actually drove it.
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Confusion Matrix - Steel Plates Faults
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Other_Faults
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Z_Scratch

Bumps Dirtiness K ScatctDther Faults Pastry  Stains Z Scratch
Predicted label

Figure 4. Confusion matrix [18]

Knowing that a prediction is right or wrong says nothing about which attributes
led the model there. It is precisely this gap that motivates the explainable Al
analysis that follows, which aims to expose the model's internal reasoning and
identify the features most responsible for each decision.

4.4. Model Explanation Using SHAP and LIME

This section examines, in detail, how the trained model actually uses its input
features when classifying steel-plate defects. Where the previous section focused
on overall accuracy and aggregate performance, the analysis here turns to the
model's internal logic - the contribution each individual attribute makes to a given
decision. A single representative case from the test set is used throughout for the
local analyses, since walking through one concrete example in detail gives a far
more intuitive sense of the model's reasoning than trying to summarise many cases
at once.

4.4.1. Global model analysis using SHAP

To understand how the model behaves across the dataset as a whole, a global
SHAP (SHapley Additive Explanations) analysis was carried out. Rather than
explaining one prediction at a time, this analysis surfaces the general patterns and
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priorities the model relies on. Because the underlying classifier is a Random
Forest, SHAP values were computed using the TreeExplainer implementation
from the SHAP library, which is specifically optimised for efficient and exact
computation on tree-based models.

The first step in interpreting the model globally is identifying its most influential
inputs. Figure 5 ranks the 15 most important variables the Random Forest relies
on when classifying steel-plate defects, with bar length representing each feature's
mean absolute SHAP value across the test set.

Globalna SHAP vaznost (Top 15)

Length_of_Conveyer
Orientation_Index
Outside_X_Index
Pixels_Areas
TypeOfsSteel_A400
Steel_Plate_Thickness
TypeOfSteel_A300

Minimum_of_Luminosity

Znacajka (Feature)

Square_Index
X_Minimum
LogOfAreas

Log_X_Index
Edges_Y_Index
X_Maximum

Sum_of_Luminosity

0.000 0.005 0.010 0.015 0.020
Srednja |SHAP vrijednost|

Figure 5. Global feature importance derived from SHAP [18]

Identifying the most influential input characteristics:

e Production and operational parameters dominate.
Length of Conveyer stands out as the single most important feature by a
clear margin. From an industrial standpoint this is a genuinely actionable
insight: it suggests that the occurrence of specific defects is tied directly
to the length of the production line, or the particular zone in which a plate
is processed and transported.

o Defect geometry and orientation matter. The next most influential
variables are Orientation Index and Outside X Index, closely followed
by total defect area (Pixels Areas). This tracks with basic engineering
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intuition: different defect types have recognisably different physical

shapes - scratches are elongated and oriented in a particular way, while

stains occupy a different kind of area and shape altogether - and the model
leans heavily on these spatial cues when making its decisions.

e Material characteristics carry real weight. Variables describing the
material itself - steel type (TypeOfSteel A400, TypeOfSteel A300) and
plate thickness (Steel Plate Thickness) - rank high among the most
important features, confirming the industrial intuition that particular
alloys or thicknesses are more prone to specific fault types (thinner plates,
for instance, deform more easily and are more likely to develop Bumps).

e Optical characteristics play a supporting role. Variables describing
pixel brightness, such as Minimum of Luminosity, also carry
meaningful weight, confirming that the model successfully exploits
contrast and brightness variation to separate darker defects such as
dirtiness from lighter surface anomalies.

Taken together, the global SHAP analysis shows that the black-box model is not
basing its decisions on noise, but on physically and operationally meaningful
geometric, material, and process-related characteristics. For engineers and
quality-control staff on the factory floor, the decisive role played by
Length of Conveyer points to conveyor-mechanism inspection as a priority for
reducing defect rates.

SHAP Summary Plot - Class: Bumps

Orientation_Index - - anip.
Square_Index
Length_of_Conveyer
TypeOfsteel_A400
TypeOfSteel_A300

Minimum_of_Luminosity
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X_Maximum
Pixels_Areas

Outside_X_Index
Log_X_Index
LogOfAreas

Sum_of_Luminosity
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-0.10 -0.05 0.00 0.05 0.10 0.15

SHAP value (impact on model output)

Figure 6. SHAP summary plot for the Bumps defect class [18]

213



Special Editions ANUBIH CCXXYV, 26, pp. 195-222

To see not just which features matter but how their actual values push a prediction
up or down, a SHAP summary plot was generated for the Bumps class, shown in
Figure 6, chosen as one of the most heavily represented fault types among the
seven the model distinguishes.

Each point on this plot represents one test-set sample; its position along the
horizontal axis (the SHAP value) shows whether that feature pushed the
probability of a Bumps defect up or down for that particular sample. A close
reading of the point distribution yields several concrete rules the model appears to
be applying:

e Geometry (Orientation_Index and Square_Index): low values of the
orientation index (a cluster of blue points on the right) push strongly
toward a positive Bumps prediction, while high values of the square index
(red points, also on the right) likewise raise the predicted probability.

e Operational parameters (Length_of Conveyer): unusually high
conveyor lengths (red points shifted sharply to the right) substantially
raise the likelihood of this defect - a critical, production-relevant finding,
since it suggests longer conveyor sections are more prone to generating
physical bumps in the material.

e Material type (TypeOfSteel A300 versus A400): the two steel grades
pull in opposite directions - high values (presence) of A300 sit on the
positive side of the SHAP axis, while high values of A400 push the
prediction the other way, indicating that A300 steel is considerably more
prone to developing Bumps than A400.

This level of granularity, and this kind of insight into how individual parameters
interact, is simply unavailable from conventional evaluation metrics alone -
underscoring why an explainability layer is not just a nice-to-have but a genuine
necessity for tackling complex industrial classification problems.

4.4.2.  Local analysis of individual decisions using SHAP and LIME

While the global SHAP analysis reveals broad patterns across the dataset,
practical deployment on a production line often calls for something narrower:
understanding why the model flagged one specific plate as defective. An engineer
working in real time needs to know exactly which parameters drove the
classification of the piece of steel currently in front of them, and that diagnostic
need is what local interpretation is built to satisfy. To illustrate this, one test-set
sample flagged as defective by the model was isolated for detailed analysis. The
result, visualised as a waterfall plot, is shown in Figure 7.
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Local SHAP Waterfall
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Figure 7. Local SHAP interpretation of a single model decision [18]

As indicated in the figure, this sample's true class is Other Faults, and the model
classified it correctly. The plot traces the model's decision path from a baseline
value - the expected prediction E[f(X)] = 0.143, the average probability the model
would assign to the Other Faults class for any random sample before considering
its specific characteristics - up to the final prediction f(x) = 0.513 (51.3%) once
the actual features of this particular plate were taken into account, at which point
the sample was classified as Other Faults.

Every one of the key variables for this sample pushed the prediction in a positive
direction (shown as red segments moving right). The model's reasoning breaks
down as follows:

e FEdge geometry (Edges Y Index): this was the single strongest driver of
the positive classification, contributing +0.06 to the predicted probability.

e Operational parameters (Length_of Conveyer): consistent with the
global analysis, conveyor length again contributed meaningfully to the
classification (+0.05).

e Material characteristics (Steel Plate Thickness): the comparatively
large plate thickness further reinforced the model's decision (+0.05).

e Spatial and optical characteristics: additional, smaller contributions
came from optical features such as minimum luminosity and the precise
spatial coordinates of the defect on the plate (Y _Minimum and
Y Maximum).

Table 6 presents the SHAP values for the analyzed sample. The feature value
column shows the actual value of each feature, shap contribution indicates
whether the feature increased (positive) or decreased (negative) the predicted

215



Special Editions ANUBIH CCXXYV, 26, pp. 195-222

probability, and abs_shap gives the absolute contribution used to rank feature

importance.

Table 6. SHAP values for the selected sample

Feature Feature SHAP |SHAP|
value contribution

Edges Y_Index 0.8808 0.055441 0.055441
Length of Conveyer 1396 0.048365 0.048365
Steel Plate Thickness 220 0.048276 0.048276
Minimum_of Luminosity 112 0.039601 0.039601
Y Minimum 937709 0.038666 0.038666
Y Maximum 937842 0.037634 0.037634
Edges Index 0.7736 0.030908 0.030908
Empty_Index 0.6541 0.026932 0.026932
Pixels Areas 1058 0.022451 0.022451

These figures are consistent with, and confirm, the reading given by the waterfall

plot.

LIME was applied as a complementary local method. Where SHAP offers global
consistency grounded in cooperative game theory, LIME instead targets local
fidelity, explaining a single prediction by fitting a simple, interpretabie surrogate
model in its immediate neighbourhood. A tabular LIME explainer was fitted on
the training data, discretising continuous features into interpretable ranges, and an
explanation was then generated for the same test-set sample used above.

Prediction probabilities

Other_Faults
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Figure 8. Local explanation of the model's prediction using LIME [18]
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The LIME output splits into three parts: predicted class probabilities on the left,

the local decision rules and their weights in the middle, and the actual feature

values for this specific sample on the right, Figure 8. Consistent with the

underlying Random Forest, the LIME surrogate model identifies Other Faults as
the most likely class, at a probability of 0.63.

The middle panel, where red bars raise the probability of Other Faults and blue
bars lower it, points to several key drivers behind this classification: plate
thickness above 80.00 (actual value 220.00) is among the strongest contributing
factors, while the steel-grade indicators pull in different directions, with certain
grades (e.g., A400) pushing the probability up and others pulling it down. Edge
geometry (Edges Y Index in the 0.59-0.95 range, actual value 0.88) and
conveyor length (1,364.00—-1,650.00 mm, actual value 1,396.00) further reinforce
the decision, while the defect's X-axis position contributes a smaller, but still non-
trivial, share.

LIME also surfaced a couple of counter-factors: a high orientation index
(Orientation Index > 0.50) and maximum luminosity above 140.00 both pointed
away from Other Faults, suggesting the sample might belong to a different class.
Their combined negative influence, however, was not large enough to overturn
the final classification.

Taken together, the global and local explanations produced by SHAP and LIME
converge on a consistent set of influential parameters, rather than pointing to
conflicting or arbitrary signals. Across all three analyses, conveyor length
(Length of Conveyer), defect geometry (particularly edge- and orientation-
related indices), steel type, and plate thickness repeatedly emerge as the strongest
drivers of classification, while optical features such as luminosity play a smaller,
supporting role.

The fact that an entirely different explanation method (LIME, based on local
surrogate modelling) independently highlights largely the same features as SHAP
(grounded in cooperative game theory) strengthens confidence that these
parameters reflect genuine, physically meaningful patterns in the data rather than
artefacts of a single explanation technique. From a practical standpoint, this
convergence gives engineers and quality-control staff a reliable, cross-validated
basis for prioritising interventions - for instance, inspecting conveyor mechanisms
and monitoring plate thickness and steel grade during production - rather than
relying on the interpretation of a single method alone.
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5. Discusion: XAl in Smart Manufacturing Systems
5.1. Contribution of XAl to Al-Based Industrial Applications

Explainable artificial intelligence plays an important role in improving the
transparency, reliability, and practical adoption of Al-based solutions in industrial
environments. One of the key contributions of XAl is supporting decision-making
on the shop floor by revealing the factors that influence model predictions. Instead
of providing only black-box outputs, XAl methods enable operators and engineers
to better understand system behaviour and make more informed interventions
[19].

Furthermore, XAl supports the validation and verification of Al models before
and during deployment. By identifying the most influential features, methods such
as SHAP help engineers assess whether models rely on meaningful physical
relationships or unwanted data correlations. For example, SHAP-based analysis
in predictive maintenance applications has demonstrated the ability to identify
critical variables related to equipment degradation, improving the reliability of
maintenance decisions [20].

Another important contribution of XAl is its ability to reveal data-related issues,
including spurious correlations and inconsistencies within training datasets. By
analysing feature contributions and model behaviour, XAl techniques can support
dataset refinement and continuous improvement of Al models [21]. Therefore,
XAI represents an essential component for developing trustworthy, transparent,
and reliable Al systems in modern industrial applications.

5.2. Challenges in Practical Deployment of XAl

Despite the significant benefits of XAl, its practical deployment in industrial
environments remains challenging. One of the main limitations is computational
complexity, particularly for model-agnostic methods such as SHAP and LIME.
Generating accurate explanations can require substantial computational resources,
especially for complex models and large-scale industrial datasets, which limits
their application in real-time scenarios [22], [23].

Another important challenge is adapting explanations to the needs of different
users. Although XAl methods can provide detailed insights into model behaviour,
their outputs are often designed for data scientists rather than industrial operators
and maintenance experts. Therefore, developing domain-specific explanations
that are intuitive and actionable for end users remains an open research challenge
[19], [24].
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Furthermore, scalability represents a critical issue in real-world manufacturing
systems. Industrial environments typically involve multiple AI models,
heterogeneous data sources, and resource-constrained edge devices, requiring
efficient and adaptable explanation frameworks. Consequently, future XAl
solutions must address not only model transparency but also robustness,
scalability, and integration across complete industrial workflows [25], [26].

5.3. Future Perspectives

Future development of XAl in smart manufacturing is expected to focus on deeper
integration with industrial infrastructures, particularly digital twins. Combining
XAl with digital twins can provide not only predictive insights but also transparent
explanations and uncertainty information, enabling operators to better understand
and trust Al-driven decisions [27], [28]. Integrating explanation mechanisms
directly into digital-twin platforms could make interpretability a natural
component of industrial monitoring and decision-support systems.

Another important direction is the development of inherently transparent and
trustworthy Al models that reduce dependence on post-hoc explanation
techniques. Future industrial Al systems should incorporate context-aware
explanations, self-explainability, and standardized evaluation methods to ensure
reliable operation in dynamic manufacturing environments [24], [29].

Overall, the future of XAl in smart manufacturing will depend not only on
developing new explanation algorithms but also on their effective integration into
real industrial workflows, where transparency, reliability, and human
understanding are essential requirements for successful Al adoption.

6. Conclusion

The increasing adoption of artificial intelligence in industrial applications has
significantly improved predictive capabilities; however, the growing complexity
of machine learning models has created new challenges related to transparency
and trust. In safety-critical manufacturing environments, accurate predictions
alone are not sufficient, as engineers and operators also require an understanding
of the factors influencing Al-driven decisions.

This paper investigated the role of XAl in industrial fault detection through a case
study based on the Steel Plates Faults dataset using a Random Forest classification
model. The application of model-agnostic explanation methods, specifically
SHAP and LIME, demonstrated their ability to reveal the most influential features
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and provide insights into both global model behaviour and individual predictions.
These explanations improve model transparency and support better
understanding, validation, and interpretation of Al-based decisions in
manufacturing applications.

Although XAI methods provide significant benefits, their practical adoption still
faces challenges related to computational complexity, explanation usability, and
integration into real industrial workflows. Achieving an effective balance between
predictive performance, interpretability, and computational efficiency remains an
important research direction.

Overall, by transforming complex machine learning predictions into
understandable and actionable information, techniques such as SHAP and LIME
represent a key step toward trustworthy, human-centred Al systems for smart
manufacturing.
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