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Abstract

The adoption of artificial intelligence (AI) in industrial manufacturing lags behind re-
search progress, partly due to smaller, imbalanced datasets derived from real processes.
In non-destructive aerospace testing, this challenge is amplified by the low defect rates of
high-quality manufacturing. This study evaluates the use of synthetic data, generated via
multiresolution stochastic texture synthesis, to mitigate class imbalance in material defect
classification for the superalloy Inconel 718. Multiple datasets with increasing imbalance
were sampled, and an image classification model was tested under three conditions: native
data, data augmentation, and synthetic data inclusion. Additionally, round robin tests with
experts assessed the realism and quality of synthetic samples. Results show that synthetic
data significantly improved model performance on highly imbalanced datasets. Expert
evaluations provided insights into identifiable artificial properties and class-specific accu-
racy. Finally, a quality assessment model was implemented to filter low-quality synthetic
samples, further boosting classification performance to near the balanced reference level.
These findings demonstrate that synthetic data generation, combined with quality control,
is an effective strategy for addressing class imbalance in industrial AI applications.

Keywords: artificial intelligence; nondestructive evaluation; imbalanced data; synthetic
data generation; nickel-base superalloys; material defects

1. Introduction
In the process of industrializing AI solutions, the limited quantity of real-world

application data and its inherent imbalance represent a significant challenge that needs
to be addressed. In particular, in serial non-destructive evaluation (NDE) processes, the
overwhelming majority of data is derived from conforming or defect-free material in
comparison to a relatively limited amount of data from defects and an even smaller quantity
of data from severe defects. Nevertheless, a considerable number of applications of AI
in NDE have been publicized in recent years [1]. An illustrative example is the detection
of welding defects by means of ultrasonic examination and machine learning. In their
systematic review of this task, the authors of [2] present a comprehensive overview. The
analyzed works developed various methodologies for the identification of a range of
welding defects, including cracks, porosities, and inclusions. Another domain in which
data-driven methodologies have gained prominence is that of visual inspection. The
advantages of computer vision, particularly the robust deep learning architectures such
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as Convolutional Neural Networks (CNNs) and Vision Transformers (ViT), enable the
deployment of AI in a range of tasks, including semantic segmentation, object detection,
image classification, and anomaly detection in NDE applications. In their article, the
authors of [3] present a series of proof-of-concept demonstrations illustrating the potential
applications of computer vision in the context of automotive manufacturing. The solutions
presented include, for instance, the detection of individual components within a brake
assembly and the segmentation of diverse surfaces on a cylinder head. The authors assert
that their work offers advantages in terms of reduced labor and costs, enhanced control, and
heightened responsiveness. Other applications of AI for visual inspection can be found in
the domains of fabric production in the textile manufacturing industry [4] or the detection
of rail surface defects for railroad transportation [5]. In the domain of microstructural
quality assessment, computer vision algorithms have been employed for the classification
and segmentation of distinct phases, as described in references by [6–11]. In the study
by the authors of [12], CNNs were employed to predict porosity defects in light optical
microscopy images of aluminum alloys. The authors demonstrate that CNNs can be used
to accurately detect microstructure defects, enabling an inspection of large datasets at a rate
which exceeds that of humans by multiple times.

While numerous applications have been developed in recent years, training AI models
for specialized tasks remains challenging. This is due to a lack of publicly available data
sources and the rarity of defects in such datasets, which are inherently imbalanced. It is
therefore necessary to develop methods to address data imbalance in order to make those
problems solvable. The present best-practice methods can be classified into two principal
categories: data-level and algorithm-level [13]. The data-level methods can be further
classified into two categories: sampling and feature selection. The former oversample or
undersample the data to increase the balance between the classes. The later try to select
the most important features which help to increase the class separability. Algorithm-level
methods can be further classified into two categories: cost-sensitive and hybrid or ensemble
methods. Cost-sensitive methods modify the loss function or the weighting within it,
thereby directing the model to focus on the under-represented classes during training.
One illustrative example of this approach is the Focal Loss methodology, which was first
introduced in [14]. Ensemble methods integrate the outputs of multiple classifiers with
the objective of attaining superior overall training outcomes. To name one example, the
Bagging method reduces the predictive variance by producing several training sets from
the dataset and training an individual classifier on each set. The final result is produced by
combining the outputs of the individual models [15]. Hybrid approaches integrate multiple
methods to achieve a balance between their respective advantages and disadvantages. The
most commonly utilized methods are listed in the surveys conducted by [16–18].

One of the most frequently employed applications is data augmentation combined
with oversampling. This approach is favored due to its simplicity of implementation
and effectiveness. In this method, the smaller classes are augmented more frequently
due to a higher sampling rate or a broader list of augmentations [19–24]. However, the
augmentation techniques are only capable of generating a limited degree of variation in the
dataset through the application of transformations such as rotations, mirroring, contrast
adjustments, and brightness shifts. In this context, the generation of synthetic training data
represents a potential alternative solution. Of particular note are data-driven, generative
models, with Generative Adversarial Networks (GANs) being a prominent example [25].
GANs have been successfully employed to generate synthetic training data in a number
of other domains [26–30], as well as in materials science and engineering [31–34]. The
synthetic data typically exhibits greater variation than the classic augmentations and is
better able to represent the real data. However, GANs also present a significant challenge
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in terms of applicability to small datasets. Their deep learning neural network design
requires training on a specific problem domain, limiting their suitability for increasing
small imbalanced datasets if no pre-trained model is available. Additionally, for specific
industrial problems, large public datasets are usually not available.

Simpler model-based approaches, which do not require training on specific data,
attempt to create synthetic data with parametric models of the real world [35]. For example,
the appearance of surface cracks can be modeled with parameters such as intensity, width,
length of segments, and angle between segments [36]. Nevertheless, the applicability
of such approaches to the macroscopic and microscopic structures of materials is also
constrained due to their inherent complexity and the difficulty in inferring rules and
parameters. An alternative approach to modeling these structures is the multiresolution
stochastic texture synthesis method. It can be categorized as a non-parametric example-
based algorithm for image generation, which is partially based on the original work
of [37–40], among others. The synthesis of texture commences with the initialization of
pixels from an example image, which are generated at random. In essence, the texture is
generated through an iterative process whereby the initial pixels are compared with those
of one or more reference images, with the best matching pixels being selected. In general,
the objective is to synthesize a texture by combining elements from a single or multiple
examples. This approach thus avoids the need for either learning, as in a data-driven
approach, or coding of rules, i.e., a model-based approach. The key benefit of this approach
is that it is well-suited to single examples or small datasets, making it an excellent choice
for highly imbalanced NDE datasets with a limited number of severe defect examples.

In contrast to GAN-based approaches, which require extensive training data and com-
putational resources to learn a generative model, the proposed multiresolution stochastic
texture synthesis is a non-parametric, example-based method. It does not rely on deep
neural network training and therefore avoids the limitations of GANs in domains where
only a few defect samples exist, as is typical in aerospace NDE. Unlike parametric texture
synthesis, which depends on predefined rules or handcrafted parameters to model defect
morphology, multiresolution stochastic texture synthesis leverages local neighborhood
statistics from real micrographs to generate realistic variations without explicit modeling.
This combination of data efficiency and structural fidelity makes the method particularly
suitable for industrial scenarios with highly imbalanced and small datasets, where conven-
tional generative or parametric methods are impractical.

Previous studies have employed similar approaches to synthesize macroscopic textures
of component surfaces for quality control tasks [36,41]. However, the presented method has
not yet been applied to the generation of microstructures. To the best of our knowledge, this
is the first application of a non-parametric, multiresolution texture synthesis framework
for generating microstructural defect images in NDE, offering a practical alternative to
GAN-based and parametric approaches under severe data scarcity.

The objective of this study is to examine the utilization of a data generation framework
for the solution of a typical industry image data NDE problem. The selected task is to
classify images of etch indication micrographs acquired during the macro etching process
of turbine disks made from nickel-base superalloy Inconel 718. The micrographs contain mi-
crostructures of material defects or conforming material. The aerospace industry maintains
high standards of quality and safety, which results in a relatively low incidence of defects.
Consequently, a sufficiently balanced dataset can only be obtained over an extended period,
typically spanning several years or even decades. To investigate the influence of data
imbalance, multiple splits with increasing data imbalance of the original balanced dataset
were subsampled and a deep learning image classification model was trained on them.
Subsequently, conventional data augmentation techniques, such as rotations and contrast or
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brightness shifts, are applied to the data. During this process, the minority defect classes are
oversampled with the aim of reducing the impact of imbalance. Ultimately, the synthetic
data generated by our framework is utilized for retraining the models, with the objective
of comparing the efficacy of the synthetic balancing technique to that of the classic data
augmentation approach and the initial model performance. To further analyze the quality
of our synthetic data, we subsequently conducted two round robin tests, in which several
experts in this field evaluated the data. The tests yield valuable insights into the primary
features that differentiate the synthetic data from the actual samples, the quality of the
samples in comparison to the real ones across different classes, and the extent to which
human experts are able to classify the synthetic samples with the same accuracy as the real
ones within each class. Furthermore, the assessment of the quality by experts enables the
implementation of a model for the evaluation of the quality of the synthetic samples. This
model is subsequently employed for the filtering of the synthetic samples and the retraining
of the image classification model on the filtered data, with the objective of improving the
initial performance.

2. Materials and Methods
2.1. Material

The material employed in this study is Inconel 718, which is a well-known alloy for
turbine disk applications. This nickel-superalloy is a popular material in aircraft engine
components due to its excellent mechanical properties, high temperature strength and
corrosion resistance [42]. The material is typically produced by a double or triple melting
process, followed by thermomechanical processing and heat treatments [43–45]. Various
defects can be attributed to this complex manufacturing process. Distinct examples of
those defects are displayed in Figure 1. One of the most prevalent defects is the so-called
white spot (WS). Such defects are created if material from the shelf or crown of the melt
pool, or from the electrode during the vacuum arc remelting (VAR) process, falls into the
melt and is not completely dissolved before reaching the solidification zone. White spots
are chemical segregations of the alloying elements, which are typically sharply separated
from the surrounding matrix material and contain significantly larger grains than the
matrix [46,47]. The formation of white spots is typically accompanied by a reduction in the
niobium content, which results in a depletion of the Ni3Nb δ and γ′′ phases. This worsens
the properties of the material, because, on the one hand, the precipitation of the δ phase at
the grain boundaries is crucial for preventing grain growth during forging. On the other
hand, the precipitation of the γ′′ phase, in combination with the γ′ phase, represents the
primary hardening precipitates of this alloy. Therefore, the region affected by the white spot
defect exhibits a notable decline in the mechanical properties [48–52]. Additionally, minor
inclusions of oxidic or nitridic material may be introduced into the alloy during the melting
process [53]. In the event that an inclusion is present within a WS, the resulting defect is
referred to as a Dirty White Spot (DWS). In the absence of inclusions, white spots may be
designated as Clean White Spots (CWSs). In the event that an inclusion is not related to a
WS and contains oxidic or nitridic impurities, it is designated as a non-metallic inclusion
(NMI). The final category of defect within the scope of this study is that of light etching
regions, which are designated as Light Etch Indications (LEIs). These inclusions resemble
WS in appearance and might contain larger grains. However, in contrast to WS, they lack a
sharp boundary to the matrix material and exhibit no strong chemical segregation to the
matrix structure. Consequently, the depletion of δ and γ′′ precipitates in these defects is
less pronounced than in WS. Such defects may be produced during thermomechanical
processing if local temperature peaks exceed the delta-solvus point, or they may result from
solidification white spots that form due to instabilities in the solidification rate during the
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melting process [46]. It should be noted that additional types of defects may occur in this
alloy. However, the previously mentioned defects are the most prevalent and are included
in the dataset used in this study.

To identify material defects in this alloy, several non-destructive evaluation (NDE)
techniques, such as ultrasonic testing or fluorescent penetrant inspection, are employed.
The objective of this study is to examine the data generated during macro etch testing. The
components are subjected to an anodic etching process, wherein microstructural inhomo-
geneities result in the formation of a contrast-rich indication on the component relative
to the surrounding matrix structure. Subsequently, the microstructures of the indications
are obtained by replica technique (lacquer imprints) and analyzed under light optical
microscopes. Finally, the microstructure of the replica is evaluated by experts and classified
as a potential defect if it deviates from the regular microstructure. The differentiation of
specific defect types, such as LEI and CWS, can prove challenging even for experts in
this field. Accordingly, the definitive classification is determined through a consensus of
multiple experts, rather than relying on a single determination. In some instances, the
evaluation indicates that an etch indication was present on close to regular microstructure
with just minor deviations, resulting in the designation “conform”. Consequently, the etch
inspection dataset comprises five distinct outcomes:

• Conform
• Light Etch Indication (LEI)
• Clean White Spot (CWS)
• Dirty White Spot (DWS)
• Non-Metallic Inlcusion (NMI)

Figure 1 illustrates the full range of defect classes and the corresponding microstructure
for each class. Additional samples are displayed in Appendix A.

At the outset of this project, a database comprising approximately 1000 micrographs
of material defects and non-defect indications was assembled from serial metallographic
testing. The distribution of data by class is illustrated in Table 1. The distribution does
not represent the actual distribution of defects that occur during the testing process. The
images of more critical defects were accumulated over an extended period of years to
ensure the availability of sufficient examples. As is typical in NDE data, the most severe
melting defects (e.g., DWS and NMI) are scarce due to their rare occurrence during the
manufacturing of the parts. Consequently, these defect classes significantly restrict the
dataset if a balanced class distribution is the objective. Additionally, the number of conform
samples is relatively limited due to their status as ’false positives’ of the macro etch process.
This class could be easily augmented by producing supplementary replicas of the conform
matrix material of the parts.

Table 1. Initial distribution of the data.

Classes Number of Samples

Conform 140
LEI 351
CWS 209
DWS 106
NMI 110

Sum 916
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(a) (b)

(c) (d)

(e)

Figure 1. Prime example micrographs of each class: (a) Conform microstructure, (b) LEI, (c) CWS,
(d) DWS, (e) NMI.

2.2. Experimental Datasets

In order to evaluate and compare the effect of traditional data augmentation and our
synthetic data framework, a balanced subset of the initial data is sampled. The number of
samples in this set is limited to 106 images per class, due to the fact that the smallest class of
DWS is particularly under-represented. Furthermore, additional reduction in the training
data is necessary to create an independent test set. The test set comprises approximately
20% of the balanced data, containing 21 images per class, with the remaining 85 samples
per class allocated to the remaining training data. As a result of these necessary reductions
in the initial dataset, the number of samples has decreased significantly, highlighting
the challenges that must be overcome if balanced datasets are to be used in an NDE
deep learning application. The effect of increasing data imbalance is investigated by the



Metals 2025, 15, 1172 7 of 28

generation of several sub-datasets. The number of samples in the conform material class is
maintained at 85, while the number of samples in the defect class is reduced in accordance
with the designated imbalance ratio of their associated ρ metric, introduced by the authors
of [16]:

ρ =
maxi{|Ci|}
mini{|Ci|}

, (1)

The metric is defined by the ratio of the largest class Ci to the smallest class, defined in
Equation (1). The distribution of the data in all datasets is presented in Table 2.

Furthermore, four additional datasets are generated from the four subsampled sets.
In these datasets, each defect class is populated with synthetic samples of the class until
the initial balanced state of 85 images per class is reached again. Accordingly, the set with
a ρ ratio of 20 contains 81 synthetic images per defect class, the set with a ratio of ρ = 2
contains 43, and all sets in between contain the same number of synthetic images per defect
class. The total number of samples in all synthetic datasets is 425, which is equivalent to
the initial balanced dataset. The comprehensive distribution of data within each dataset is
presented in Table 3.

The classification of these defects is a challenging task, particularly when the sample
size is limited to less than 100 samples, even in the balanced dataset. Additionally, even
human experts in this domain may encounter difficulties in classifying every image without
mistakes due to the presence of classes with similar features and the necessity of classifying
based on morphology and area fraction of delta phase and grain size, while chemical
analysis or complex electron microscopy techniques are not available for an replica-based
assessment. In particular, distinguishing between the Conform, LEI, and CWS classes can
present a challenge in certain instances. Accordingly, the objective of this study is not to
evaluate the initial baseline performance, but rather to examine the discrepancies between
the native scores, the classical data augmentation techniques, and our proposed synthetic
data approach, particularly in the context of data imbalance.

Table 2. Defect samples per class in the subsampled datasets to achieve several distinct ρ

imbalance ratios.

ρ Samples per Defect Class Samples in Conform Class Total Samples in the Dataset

1 (Balanced) 85 85 425
2 42 85 253
5 17 85 153
10 8 85 117
20 4 85 101

Table 3. Contents of the four datasets which were rebalanced by the synthetic data generated with
our framework.

ρ
Real Samples per
Defect Class

Synthetic Samples per
Defect Class Samples in Conform Class Total Samples in the Dataset

2 42 43 85 425
5 17 68 85 425
10 8 77 85 425
20 4 81 85 425

2.3. Deep Learning Image Classification Framework

In this study, we utilize a CNN as the classifier. The feature extractor comprises
established architectures from the public ImageNet benchmark [54]. We add our own
classification head due to the lower amount of classes in this use case. The configuration
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of the classification head remains constant throughout the course of the study, which
examines the various architectures of the feature extractor. The results of the model study
are presented in Section 3. The classification head is constructed from three fully connected
dense layers, comprising 256, 128, and 32 nodes, respectively. A dropout [55] rate of
50% is employed for each layer during the training phase. A rectified linear unit (ReLU)
activation function is employed, and each layer is subjected to L1 and L2 regularization
with an alpha parameter of 5 · 10−4 and 10−3, respectively. To ensure the fairness of the
evaluation, all non-trainable hyperparameters are kept constant between the different
training runs in our experiments. In order to achieve a more rapid convergence, all models
are pre-trained with weights derived from ImageNet training. The transfer learning process
is divided into two training runs. In the initial training phase, only the classification
head, initialized with random weights, is trained. In the subsequent fine-tuning phase,
the feature extractor and classification head are trained together, with only 25% of the
feature extractor layers unfreezed to preserve the knowledge gained from the ImageNet
pre-training. A learning rate of 10−3 is used during the initial training phase, and a learning
rate of 10−5 is used during the fine-tuning phase. To further regularize the model and
prevent overfitting on this limited dataset, we employ two additional techniques: Focal
Loss [14] and Label Smoothing [56]. The Label Smoothing hyperparameter is set to 0.5,
and the γ value of Focal Loss is set to 2. The value of the α parameter for Focal Loss is
set to 1 for all balanced sub-datasets, including those that have been artificially balanced
with synthetic data. In the case of the imbalanced sets, class weighting is applied on the
alpha parameter. Traditional data augmentation techniques, such as rotations and minor
adjustments to contrast and brightness, are applied prior to training with exception of the
initial model trainings. In order to mitigate the impact of the imbalance, the augmentation
strategy employs oversampling, whereby a greater number of augmentations are applied
to the minority classes than to the majority class. To reduce the impact of the increasingly
small validation set for subsets with high imbalance, the complete training loop is executed
within an outer five-fold cross-validation framework. The validation split is stratified by
the label class to ensure that high ρ sets retain an equivalent representation of each defect
class in the validation set. In succession to the training the models are all validated on
the independent test set built from only real samples which are not included in any of the
train datasets.

2.4. Round Robin Test

To gain further insight into the key characteristics of the synthetic data, a round robin
test was conducted with five experts who are familiar with the material and its defect
characteristics. All experts involved have a background in materials science or engineering
and possess in-depth knowledge of the material and its associated defects. They work
within the manufacturing chain of turbine engine components and serve as members of a
dedicated panel responsible for evaluating these defects on a weekly basis. Consequently,
these experts have substantial experience and expertise in the classification of such defects.

The test is divided into two parts. The initial objective is to determine the difficulty
level of differentiating between real and synthetic samples and to identify the specific
features that humans utilize to distinguish the synthetic samples. Moreover, it is essential
to ascertain that the synthetic images are not misclassified with greater frequency than their
real counterparts within each category. Otherwise, the utility of the synthetic samples would
be called into question. In the second split, the quality of the real and synthetic samples is
compared by class. This investigation aims to ascertain whether the quality is comparable
to that of the real samples and whether some classes are of a lower quality than others. This
information is valuable for the improvement of future synthetic data generation.
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Fleiss’ Kappa was calculated to quantify the inter-rater agreement among experts
during the evaluation of categorical responses in the first test. The metric quantifies the
ratio of rater agreement above chance in proportion to the maximum attainable rater
agreement [57]:

κ =
P̄ − P̄e

1 − P̄e
(2)

Hereby the observed agreement P̄ and the expected agreement P̄e are computed from
the tests data. For the second test, the standard deviation of the quality scores for the
synthetic samples was measured and compared to the standard deviation of the control
group. This comparison allows the standard deviation to serve as an indicator of significant
differences in expert assessments on one hand, and deviations from the real control samples
on the other.

2.5. Multiresolution Stochastic Texture Synthesis Framework

The implementation of the multiresolution stochastic texture synthesis is based on a
computer graphics design approach developed by Embark Studios (www.embark-studios.
com, accessed on 10 October 2024). The code is available in the Rust programming language
and can be downloaded from (https://github.com/embarkstudios/texture-synthesis, ac-
cessed on 10 October 2024). The particular methodology employed for the generation
of our defect micrographs is designated as “guided synthesis.” This approach permits
the consideration of up to three distinct textures. Three input images are required for the
generation of a new synthetic example: (1) the original image, (2) a binary mask of the
original image indicating the locations of the different textures, and (3) a guide indicating
the desired locations for the creation of the different textures in the synthetic image. The
masks were generated in one of two ways. In the first instance, the different image textures
were manually annotated. In the second instance, a threshold segmentation was employed,
with tailored pre- and post-processing, if the quality of the replica image allowed for it.
In the case of the LEI and CWS classes, the initial texture is the matrix texture, which
represents the regular fine-grained microstructure, while the subsequent texture is the
coarse-grained microstructure. In the case of the NMI class, the initial texture is also the
matrix texture, while the subsequent texture represents the particles and stringers of the
non-metallic inclusions. The masks of these classes are encoded as binary images. The class
DWS comprises three distinct textures, and thus is encoded as an RGB image. The initial
texture is once again the matrix texture, the second is the coarse-grained microstructure,
and the third is the non-metallic inclusion. In order to facilitate the transition between the
two textures, a Gaussian blurring with a radius of ten is applied to both the masks and
the guides for the LEI class. This is due to the fact that this particular type of defect does
not exhibit the pronounced sharpness between the fine-grained and coarse-grained mi-
crostructure that is characteristic of the CWS and DWS classes. The synthetic data should be
represented by guides that differ from the original dataset in a meaningful way. Therefore
the guides should exhibit a distinct visual profile compared to the existing data. Addition-
ally, the resulting shapes should be realistic and not contain any unrealistic features. The
generation of the guides was conducted through a two-step process. Initially, the DALL-E 2
(https://openai.com/index/dall-e-2/, accessed on 13 October 2024) image generator from
OpenAI was employed to generate variations of the original masks. Only the graphical
user interface and the “generate image variations” option were utilized for this study.
Variations that appeared metallurgically plausible were manually selected for inclusion.
To enable scalability of the approach, the generation of variations could be automated
via the application programming interface (API). Furthermore, filters derived from the
characteristics of manually selected variations, such as realistic shape and size or in general

www.embark-studios.com
www.embark-studios.com
https://github.com/embarkstudios/texture-synthesis
https://openai.com/index/dall-e-2/
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contour features, could be implemented to ensure that the final selection process remains
as objective and efficient as possible. In addition to the DALL-E variations, conventional
data augmentation was applied to these images, encompassing a range of transformations
such as rotation, flip, translation, zoom, crop, resize, and shear. This process ensures that
the resulting guides possess realistic shapes comparable to those of the original defects,
while still exhibiting sufficient divergence from the original defect appearance. In order
to generate a synthetic image, it is first necessary to randomly select an original image
and its corresponding mask. Subsequently, a guide is randomly selected, and a synthetic
image is generated based on the three requisite input images. To guarantee the synthesis of
disparate images even when the original image and guide remain unchanged, a random
seed is integrated to establish the initial point of texture synthesis. The hyperparameters for
the texture synthesis were set to their default values, and the output size of the generated
image was set to 1024 × 1024 pixels, following an initial parameter study. The default
settings were adopted from the values described in the source. To further enhance the
variability of the dataset, a random brightness and contrast alteration was implemented
to the generated synthetic images. The complete generation framework is visualized in
Figure 2. A comparison between some real samples and some synthetic samples generated
by this framework is presented in Appendix A.

For each subsample of the dataset, only the images from the training set and their
corresponding masks were used to create the guides and subsequently synthesize the new
images. The synthetic data generation framework did not leak any data from the larger sets,
the test set, or data that was outside the scope of the project. One hundred samples were
generated for each class, resulting in a total of 400 samples. Subsequently, the required
number of synthetic images was randomly sampled for each class based on the value of
the ρ metric in every subset. The content of the rebalanced datasets is presented in Table 3.

Figure 2. Synthetic data generation framework.

3. Results and Discussion
In the initial stage of the process, the objective is to identify the most appropriate

model for working with the data in question. Accordingly, a model study is conducted with
some of the most prevalent CNN utilized in the ImageNet benchmark. The models were
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evaluated using five-fold cross-validation on the original balanced dataset, which consisted
exclusively of real examples. No data augmentation techniques were employed. The model
performance is assessed exclusively based on the cross-validation accuracy, rather than on
the test dataset, to prevent any information from the test dataset from influencing the model
selection process. The models in the evaluation and their corresponding cross-validation
accuracies are listed in Table 4. The DenseNet169 [58] architecture achieved the highest
cross-validation accuracy of approximately 0.75 in our study. Accordingly, this model is
employed as the feature extraction backbone in the subsequent experiments. The model,
trained on the balanced dataset, achieved a test set accuracy of 0.80 and a macro-average
F1 score of 0.79. This represents the baseline performance for our experiments. The values
suggest that the problem is challenging due to the visual similarity of some classes and
the limited number of samples, even in the balanced case. However, this case serves as an
excellent illustration of a real-world non-destructive testing scenario, where achieving a
satisfactory level of reliability is often challenging. The class-wise evaluation indicates that
the F1 score for the melting defect classes (CWS, DWS, and NMI) is between 0.8 and 0.9,
while the Conform indications and the LEI reach only 0.77 and 0.64, respectively. This is
advantageous in this case because the melting-related defects are known to have a more
significant adverse effect on mechanical properties, necessitating a high degree of reliability
in their detection.

Table 4. Results of the model study.

Model Cross-Validation Accuracy Model Architecture Source

ConvNextBase 0.72 [59]
DenseNet121 0.70 [58]
DenseNet169 0.75 [58]
DenseNet201 0.74 [58]
EfficientNetV2B3 0.68 [60]
EfficientNetV2L 0.67 [60]
InceptionV3 0.62 [56]
RegNetX120 0.71 [61]
RegNetY080 0.71 [61]
RegNetY120 0.73 [61]
RegNetY160 0.70 [61]
ResNetRS200 0.63 [62]
ResNetV2101 0.69 [63]
VGG19 0.69 [64]
Xception 0.68 [65]

Figure 3 illustrates the comprehensive findings of this investigation. In the initial
iteration, the model was trained without the incorporation of synthetic samples or data
augmentation, relying solely on the real data from each subset. Subsequently, the perfor-
mance of each trained model is assessed using the independent test set. As anticipated, the
macro-average F1 score on the test set declines with an increase in the ρ ratio. Although
the decline from the balanced set to ρ = 2 is relatively modest, the reduction in F1 score
is significant in the subsequent step, where it reaches only 0.48 with an imbalanced ratio
of ρ = 5. As anticipated, the score declines further, reaching a minimum of 0.18 for the
heavily imbalanced subset with a ratio of ρ = 20, which has only four training samples per
defect. In the following step, the model’s performance is enhanced through the application
of classic data augmentation techniques. The model is not reevaluated on the balanced set,
as no significant improvement is anticipated and the objective of this study is to enhance
the model’s reliability in handling imbalanced data. The results demonstrate no discernible
difference with respect to the first imbalanced subset; however, a notable enhancement
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of approximately 0.1 to 0.15 in the macro-average F1 score is observed for the range of
ratios from ρ = 5 to ρ = 20. In the final iteration, the model is trained on the datasets
that have been rebalanced with the synthetic samples, which are described in Table 3.
Furthermore, the rebalanced datasets are augmented in accordance with the classic data
augmentation technique to enhance the variability in the training data. It should be noted
that no oversampling is applied in this case, as the datasets have already been balanced
through the incorporation of synthetic data. The synthetic samples were augmented in a
manner consistent with that employed for the real data, with the objective of maintaining
class balance. In comparison to the runs that solely employed data augmentation, the
scores for the first two splits are approximately equivalent. In the case of the split with a
ratio of ρ = 2, it seems that neither classic data augmentation nor synthetic rebalancing can
enhance the performance. In the case of the dataset with a ratio of ρ = 5, both methods
yield a higher score than the native approach. These findings suggest that the application
of synthetic samples or data augmentation may not result in enhanced model performance
in instances where the degree of imbalance is relatively low and an adequate number of
real examples are available. However, this remains uncertain due to the low difference
in F1 score, which may be a special case for this data and model combination. Further
research is required to substantiate this conclusion. In cases of high imbalance, with ratios
of ρ = 10 and ρ = 20, the F1 score demonstrates a notable enhancement in comparison
to the approach involving solely conventional data augmentation. The model trained on
the subset exhibiting the greatest imbalance can still achieve an F1 score of 0.46, which is
approximately equivalent to the level achieved by the native model for ρ = 5. In general,
the synthetic rebalancing method demonstrates superior performance compared to classic
data augmentation techniques, particularly in scenarios with higher imbalance ratios. For
moderate imbalance levels, the two approaches exhibit comparable outcomes. The results
lend support to the hypothesis that the extent of artificial variation introduced into the
dataset by data augmentation is limited. In particular, the variance achievable through
data augmentation is contingent upon the quantity of real data present within the dataset.
Therefore, the datasets with low imbalance, which still contain sufficient real samples, are
on a similar level to the synthetic rebalanced datasets. However, the splits at ρ = 10 and
above appear to lack sufficient real samples to achieve sufficient variance through data
augmentation. It is currently unclear whether the limit at which this effect becomes signifi-
cant is always at this ρ-ratio or if this depends on the dataset and the model architecture.
Further research in this area would be beneficial.

The class-wise performance metrics are presented in Appendix B. Based on the results
for ρ = 10 and ρ = 20, no clear trend emerges regarding which classes benefit most from
the introduction of synthetic data compared to data augmentation. The effect appears to
depend on the imbalance ratio and on areas where the model previously struggled without
synthetic data. For ρ = 10, there is a significant improvement in the F1 scores for the classes
Conform, LEI, CWS, and NMI, while DWS remains at the same level. For ρ = 20, the F1
score for Conform is comparable to the previous setting, whereas LEI, DWS, and NMI show
significant improvements, and CWS exhibits moderate improvement.

One potential avenue for enhancing the model’s performance is to apply data augmen-
tation exclusively to the real dataset and utilize a greater number of synthetic samples to
compensate for the examples generated through data augmentation. This approach could
prove beneficial for model training, as the additional synthetic samples may offer more
useful variations for the model than the augmented synthetic images used in our study.
However, a potential drawback is the necessity for significantly more synthetic samples
to be generated and stored in advance, whereas data augmentation can be applied online
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and temporarily stored during the training process. Given the constraints in time and
computational resources, this approach was not explored in this study.
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Figure 3. Macro-average test set F1 score of the model trained on the different datasets with its native
performance, data augmentation, and the synthetic rebalancing.

To further investigate the quality of the synthetic samples, two round robin tests were
conducted. In the initial iteration, 30 images were randomly selected from each defect class,
with 15 images being authentic and 15 being synthetic. Five experts in the field of material
analysis are tasked with rating each sample as either real or synthetic and providing a
brief rationale for their decision. Additionally, the experts are requested to provide their
classification of the sample, which is initially unknown to them. The results of this test can
be used to identify the features that make the synthetic samples recognizable by human
perception. By comparing the human defect classification with the classification of the real
and synthetic samples, it can be determined whether the classification is more accurate
for one or the other, or if the accuracy is equal. The evaluation of the aforementioned
features, which the experts used to determine whether a sample was synthetic, has led to
the identification of the following main features:

1. Features of the inclusions particles such as unnatural shapes or unrealistic patterns.
2. Periodic artificial structures, i.e., patterns in the matrix structure or stripes in the

inclusions.
3. Unnatural shape of the defect area.
4. General artifacts.
5. Grain boundaries missing or too weak.
6. Boundary between matrix and defect area too sharp.

These six features comprised the top 75%-percentile of the distribution of named
features. Only those features that were associated with a true positive identification of a
synthetic sample were counted. The features identified real samples that were incorrectly
classified as synthetic are not included in the subsequent analysis. Two of these features
are depicted in Figure 4.

No clear description of known artifacts associated with the multiresolution stochastic
texture synthesis algorithm could be found in the literature. However, some features can
be inferred from the nature of the algorithm itself. Periodic structures, such as patterns
in the matrix, are generated because non-parametric texture synthesis relies on copying
and reusing certain patterns from the provided example image. Consequently, texture
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patches may sometimes be reused too frequently or placed in locations where they appear
unnatural. Over time, techniques have been introduced to mitigate issues such as “garbage-
growing,” which refers to the copying of irregularly shaped patches. Nevertheless, this
behavior has not been completely eliminated and remains a weakness of the synthesis algo-
rithm. Unnatural shapes or patterns within inclusions likely originate from their inherently
irregular characteristics, which are more difficult to reproduce as textures compared to the
more regular coarse-grain or matrix structures. Additionally, unnatural defect shapes may
occur under certain conditions due to local optimization at each scale and the absence of
global constraints on boundary geometry. This limitation could potentially be addressed
by incorporating additional filters or constraints on boundaries at the global image scale.

(a) (b)

Figure 4. Examples for the features most named by experts during the round robin test which
indicated synthetic samples. The features are marked in the images by red boxes. (a) Artificial particle
pattern in a inclusion. (b) Unnatural boundary shape and sharpness between matrix structure and
coarse grain.

The remaining results of this test are presented in Figure 5. The Fleiss’ Kappa values for
the first part of the test are presented in Table 5. For the first question of the test, the Kappa
values indicate moderate agreement among experts, suggesting that distinguishing between
synthetic and real samples is challenging due to the overall high quality of the samples.
Nevertheless, the experts agree more often than expected by chance, demonstrating that
meaningful conclusions can be drawn from the results. For the second test, the Kappa
value reflects substantial agreement among experts. Their rating of defect classes shows
stronger consistency, which is plausible given their significant expertise in evaluating
these defects. Therefore, the classification results provide a reliable basis for drawing
meaningful conclusions.

As illustrated in Figure 5, the experts demonstrated a high degree of accuracy in
identifying whether a sample was real or synthetic. The lowest percentage is observed
for the LEI class, while the highest is observed for the NMIs. This is consistent with
the identified features, which were frequently concentrated on the characteristics of the
inclusions, which are exclusive to the DWS and NMI samples and absent in the LEI and
CWS samples. The experts encountered the greatest difficulty in identifying features that
would distinguish synthetic samples within the LEI class. The results demonstrate that
our synthesis framework is capable of generating pure coarse-grain defects with sufficient
fidelity. However, there is room for improvement in generating defects that contain irregular
structures, such as particles and inclusions. The columns in Figure 5 designated as “Defect
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Classification” represent the percentage of correctly classified synthetic samples in relation
to the real samples. Since the experts’ classification in this case is based on individual
decisions rather than the regular majority vote, there is a possibility of discrepancies
between the ground truth class and the individual classification. Consequently, a value
of 100% signifies that the synthetic samples of this defect class were classified correctly
at the same frequency as the real samples of this class. Conversely, a value exceeding
100% indicates that the classification accuracy of the synthetic samples was superior to
that of the real samples on average. Excluding the CWS class, the Defect Classification
is approximately 100% for all remaining classes. This indicates that our synthetic data is
capable of replicating the distinctive features that define these classes in human perception.
It seems reasonable to conclude that the significant features used by the AI model to identify
these classes have also been incorporated. The CWS class may be a unique case, as the
differentiation between the LEI and CWS classes can be challenging even for human experts.
It is thus conceivable that our data generation model was unable to produce samples in
which the distinction between these classes was sufficiently pronounced. Nevertheless, an
examination of the class-wise F1 score results does not suggest that the AI model exhibits a
general deficit in performance with regard to this class over the synthetic data subsets. One
potential explanation is that the model is sensitive to different features than human experts,
which are adequately represented by the framework.

Table 5. Mean observed agreement, expected agreement, and Fleiss’ Kappa values for the two
questions of the first part of the round robin test.

Question Observed
Agreement

Expected
Agreement Fleiss’ Kappa

real/synthetic
recognition 0.73 0.53 0.42

defect classification 0.82 0.30 0.74
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Figure 5. Percentage of samples identified correctly as real or synthetic and percentage of synthetic
samples classified correctly in their indented defect class compared to the normal control samples in
this class.

In the second variant of the round robin test, a total of 25 images are selected at random
from each defect class. The images are stored in a sorted format to ensure that the experts are
aware of the ground truth defect class associated with each sample. The images in question
contain 20 synthetic defects and 5 real defects. However, the experts have been informed that
all samples are synthetic. In this iteration of the experiment, the objective is to assign a rating
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to each sample on a scale of one to five, with five indicating a high degree of realism and
one indicating a clear synthetic origin. The reason for the inclusion of the five real samples
per class is that they serve as a control group. The rating of the real samples enables the
normalization of the subjective judgments of the experts regarding the synthetic samples. The
standard deviations of the quality scores by class are shown in Table 6. Overall, the standard
deviations in each class are low, approximately 1 or below, indicating that the experts rated
the quality of the samples quite consistently, with good agreement. The maximum difference
between the standard deviation of synthetic and real samples is 0.2, which is therefore highly
comparable. This suggests that the variability in quality scores for the synthetic samples is
similar to that of the real control samples, allowing meaningful conclusions to be drawn from
these results. The results of this test are presented in Figure 6. The LEI class samples were, on
average, rated the highest in quality, while the DWS class was rated the lowest. The favorable
outcome for the LEI class is consistent with the experts’ greater challenge in discerning the
synthetic samples during the initial assessment. The DWS class was primarily affected by the
inferior quality of the inclusions in certain samples, as evidenced by the primary synthetic
features enumerated in the initial test. The quality of all classes is, on the whole, slightly worse
than that of the real samples. But considering the synthetic origin of the samples, reaching
quality scores of over 70% for three of four classes is considered a success. However, this
test again confirms the necessity for improvement in the generation of classes containing
inclusions for future studies.

Table 6. Standard deviation by class computed from the quality score given by the experts in the
second part of the round robin test.

Class Standard Deviation Real Control Samples Standard
Deviation

LEI 0.803 0.765
CWS 1.001 0.930
DWS 0.740 0.673
NMI 0.737 0.533

The results of the round robin test indicate that it may be beneficial to investigate
the potential benefits of removing negatively rated synthetic data in order to enhance the
overall classification performance. To achieve this, the round robin results, which due
to time constraints of the experts could only be performed on a subset of the synthetic
data, must first be transformed into a suitable image metric, which is then used to filter
out all inadequate synthetic images. However, simple image metrics, e.g., non-reference
image metrics such as Brisque [66] or Piqe [67], did not correlate with the expert judgments,
i.e., the quality scores assigned to the synthetic images. In the end, a combination of
Brisque, Piqe, and a bag of visual word features [68] was chosen. A quality score of 65%
was established as the threshold for sufficient quality. Subsequently, a classification model
was constructed and trained using the aforementioned features on the 80 images from
the second variant of the round robin test. The model was consequently employed for
the classification of the full set of synthetic images from the ρ = 2 data split, with the
objective of determining their quality. As a result, 142 of the 400 synthetic images were
excluded, representing approximately 35% of the total number of synthetic samples. This
result appears to be consistent with the expert judgments.
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Figure 6. Quality percentage of the synthetic microstructure defects compared to the real
control samples.

Subsequently, the filtering process yielded a new ρ = 2 dataset comprising solely
synthetic samples of high quality, which were then subjected to retraining of the model. The
model achieved a test set F1 score of 0.75 on this new iteration. As evidenced by the results, the
model exhibited an increase of 0.05 in its F1 score, compared to the unfiltered dataset, thereby
attaining the highest performance in this split, with a mere 0.04 point separating it from the
native performance. This illustrates that the filtering of the synthetic samples with the model
calibrated on the basis of expert judgment could enhance its performance. Although it initially
appeared that the score could not be improved in the case of the ρ = 2 dataset, it has now been
demonstrated that synthetic rebalancing is indeed capable of doing so. However, it seems
likely that the model is sensitive to the synthetic samples used. In conclusion, the synthetic
rebalancing method has been shown to outperform classic data augmentation even in this
low imbalance case. By applying an automated filtering process in the generation pipeline, it
is probable that the quality of future datasets could be enhanced.

As it appears that inadequate synthetic samples can compromise the maximally
achievable classification performance, the synthetic data generation pipeline could be
improved for future work to avoid the time-consuming round robin test that was used to
filter out the inadequate samples in this work. Due to the stochastic nature of the texture
synthesis, options to intervene are rather limited. This makes it difficult to counteract some
of the synthetic image features, such as periodic matrix structures, identified by the experts.
However, unnatural shapes, which were frequently mentioned as features associated with
lower quality scores, could be improved in future work by defining values for typical
shapes. The masks of all the original images could be used to determine the typical shapes,
and targets containing unnatural shapes could be filtered out before being used in the
synthetic data generation. Greater blurring of the targets to make the boundaries between
matrix and defect appear less sharp could also be implemented.

A final question of interest is whether the most effective model, trained on synthetic
data, could be deployed in a real-world application. Therefore, an analysis of the class-wise
F1 score is conducted for the best-performing model, with the exception of the model
trained on the initial balanced set. The model in question was trained on the ρ = 2 split,
which included the synthetic samples that had been filtered. As illustrated in Table 7, the
class-wise score reveals a notable disparity in performance between the LEI class and the
remaining ones. This discrepancy is likely attributable to the presence of similar features
among the conform, LEI, and CWS classes, which primarily differentiate themselves based



Metals 2025, 15, 1172 18 of 28

on their grain size and the sharpness of the boundaries between the matrix structure and the
defect area. Consequently, the model encounters difficulties in identifying the boundaries
between these three classes. Fine-tuning the model to distinguish between the conform
structure and the three critical melting defects may result in an overall improvement
in performance. Such a model may be suitable for implementation in a “human in the
loop” framework, whereby the model pre-selects critical defects of the CWS, DWS, or
NMI class, and a human expert subsequently reviews the images. In this approach, the
metallographer uploads microstructure images of the part under investigation into the AI
system. The AI then classifies the defects and highlights any critical melting defects so
they can be prioritized for analysis. If a critical defect is confirmed by experts, the part
is typically scrapped. By ordering defects according to model predictions, experts would
likely examine the most critical defects first and could skip remaining indications on a
part where a critical defect has already been identified. This would allow the expensive
time of experts to be used more effectively. An additional possibility to increase efficiency
is to scrap parts containing critical defects immediately after model inference, without
expert review, leveraging the high accuracy of the model for critical defects. This approach
would reduce throughput time and increase overall production capacity. Whether this
is economically viable depends on the production cost of the parts at this stage, the cost
of expert time, and the model’s accuracy. This strategy could be a significant production
booster for manufacturing relatively inexpensive parts in large quantities that are prone to
material defects. Finally, efficiency could be further improved by skipping expert review
for parts where the model classifies all indications as conform. While this is not a realistic
approach for the highly safety-critical aerospace parts considered in this work, it could
be feasible for parts produced in high volumes that do not directly affect safety. For less
expensive parts that do not undergo intensive quality control procedures, such an NDT
methodology could provide a practical option for implementing quality control at all,
improving product quality while keeping production costs relatively low.

Table 7. Class-wise F1 score on the ρ = 2 dataset with the filtered synthetic samples.

Classes Test Set F1 Score

Conform 0.83
LEI 0.57
CWS 0.76
DWS 0.74
NMI 0.85

4. Conclusions
This study evaluated the efficacy of rebalancing imbalanced datasets through the incor-

poration of synthetic data, with a case study on material defect classification in Inconel 718
turbine disks. By comparing the native performance of the image classification model with
the use of data augmentation and the training with synthetic data, it was demonstrated that
the proposed synthetic rebalancing approach achieves a markedly elevated test set F1 score
in high imbalance datasets. The multiresolution stochastic texture synthesis approach has
the advantage of requiring only a limited number of images, which is a significant benefit
when compared to data-driven approaches that necessitate the initial training of a generation
model with hundreds or thousands of samples. These models are usually not applicable to
the domain of non-destructive evaluation, as they have limited amounts of training data. The
quality of the synthetic images was validated through expert round robin tests with both real
and synthetic images. By translating expert judgments into image quality scores to filter out
synthetic images with insufficient quality from the dataset with the imbalance ratio ρ = 2,
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the F1 score was enhanced to a level approaching that of the full-sized, balanced reference
dataset. This indicates that the automated filtering of synthetic samples may be advantageous
for the generation process and classification outcomes. In conclusion, the results demonstrate
that synthetic rebalancing through multiresolution stochastic texture synthesis is an effective
method for improving performance in datasets with inherent imbalance.

Future research should focus on the reduction in the artificial features identified
by experts in the dataset, with the objective of improving the generation of the defect
classes containing inclusions. Furthermore, the integration of autonomous filtering of
low-quality synthetic samples into the generation framework would result in an overall
improvement in the quality of the synthetic data. The implementation of a model or image
quality metric that does not necessitate calibration based on human experts would be
advantageous from an engineering standpoint. In addition, an assessment of the generation
framework in relation to further use cases based on image data with periodic textures, such
as macroscopic surface quality assessment, could represent a potential focal point for future
research. To adapt the proposed synthesis framework to other applications and to tailor
the synthesis model to arbitrary surface defects in different materials or components, the
process of collecting a library of masks, images, and target masks must be replicated. The
only strict requirements are that both the defect area and the underlying background can be
segmented, that the defect and surrounding background exhibit texture-like characteristics,
meaning they are composed of similar recurring structures, and that no more than three
segmentated phases are used. Finally, the framework’s hyperparameters must be adjusted
to the new dataset to ensure that the quality of the generated samples is sufficient.
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Appendix A. Image Selection
Appendix A.1. Conform

Figure A1. Real conform examples.
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Appendix A.2. LEI

Figure A2. Real LEI examples.

Figure A3. Synthetic LEI examples.
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Appendix A.3. CWS

Figure A4. Real CWS examples.

Figure A5. Synthetic CWS examples.
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Appendix A.4. DWS

Figure A6. Real DWS examples.

Figure A7. Synthetic DWS examples.
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Appendix A.5. NMI

Figure A8. Real NMI examples.

Figure A9. Synthetic NMI examples.
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Appendix B. Class-Wise Metrics

Table A1. Class-wise metrics of the native data.

ρ Class Precision Recall F1 Score

1

Conform 0.83 0.71 0.77
LEI 0.61 0.67 0.64
CWS 0.89 0.81 0.85
DWS 0.81 0.81 0.81
NMI 0.83 0.95 0.89

2

Conform 0.70 0.75 0.72
LEI 0.70 0.75 0.72
CWS 0.81 0.62 0.70
DWS 0.85 0.52 0.65
NMI 0.67 0.95 0.78

5

Conform 0.41 0.86 0.55
LEI 0.00 0.00 0.00
CWS 0.58 0.71 0.64
DWS 0.75 0.43 0.55
NMI 0.65 0.71 0.68

10

Conform 0.30 0.95 0.45
LEI 0.00 0.00 0.00
CWS 0.48 0.48 0.48
DWS 0.62 0.24 0.34
NMI 0.78 0.33 0.47

20

Conform 0.26 1.00 0.41
LEI 0.20 0.05 0.08
CWS 0.00 0.00 0.00
DWS 0.42 0.38 0.40
NMI 0.00 0.00 0.00

Table A2. Class-wise metrics of the data augmentation runs.

ρ Class Precision Recall F1 Score

2

Conform 0.78 0.67 0.72
LEI 0.56 0.48 0.51
CWS 0.62 0.71 0.67
DWS 0.76 0.90 0.83
NMI 0.85 0.81 0.83

5

Conform 0.53 0.81 0.64
LEI 0.73 0.52 0.61
CWS 0.67 0.48 0.56
DWS 0.59 0.62 0.60
NMI 0.71 0.71 0.71

10

Conform 0.33 0.90 0.48
LEI 0.50 0.14 0.22
CWS 0.50 0.33 0.40
DWS 0.62 0.38 0.47
NMI 0.71 0.48 0.57

20

Conform 0.32 1.00 0.48
LEI 0.50 0.05 0.09
CWS 0.56 0.43 0.49
DWS 0.40 0.10 0.15
NMI 0.44 0.33 0.38
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Table A3. Class-wise metrics of the synthetic rebalanced data.

ρ Class Precision Recall F1 Score

2

Conform 0.73 0.90 0.81
LEI 0.57 0.38 0.46
CWS 0.74 0.67 0.70
DWS 0.75 0.71 0.73
NMI 0.73 0.90 0.81

5

Conform 0.58 0.68 0.63
LEI 0.52 0.67 0.58
CWS 0.67 0.67 0.67
DWS 0.69 0.43 0.53
NMI 0.65 0.62 0.63

10

Conform 0.53 1.00 0.69
LEI 0.67 0.29 0.40
CWS 0.62 0.62 0.62
DWS 0.62 0.38 0.47
NMI 0.68 0.71 0.70

20

Conform 0.34 0.71 0.46
LEI 0.44 0.19 0.27
CWS 0.60 0.57 0.59
DWS 0.56 0.24 0.33
NMI 0.61 0.67 0.64
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