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Abstract. This paper proposes representing and detecting manufacturing defects at the micrometer scale using deep convolutional neural
networks. The information theoretic notion of entropy is used to quantify the information gain or mutual information of filters throughout the
network, where the deepest network layers are generally shown to exhibit
the highest mutual information between filter responses and defects, and
thus serve as the most discriminative features. Quantitative detection experiments based on the AlexNet architecture investigate a variety of design parameters pertaining data preprocessing and network architecture,
where the optimal architectures achieve an average accuracy of 98.54%.
CNNs are relatively easy to perform and give impressive achievements in
classification tasks. However, the informational complexity coming from
the depth of networks represents a limit to improve their capabilities.
Keywords: Convolutional Neural Network · AlexNet · Ti-6Al-4V · Texture classification.
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Introduction

The spatial organization of materials at the microscopic scale is currently referred
to as microstructure. The control of microstructure is of outmost importance for
a wide array of engineering applications where materials play a structural or a
functional role. The resistance of most metals to an externally applied deformation, for example, is tightly linked to the average size of microstructural entities,
called grains, by the well established Hall-Petch relationship [1, 2]. Other macroscopic mechanical, thermal, or electrical... properties of a material depend on
many microstructural characteristics at scales ranging from the nanometer to
the millimeter. The analysis and quantification of microstructures rely on many
complementary experimental techniques that make use of di↵erent probing signals: optical light, laser, X-rays, electron beam, ultrasonic waves, to name a
few. The output signals are usually collected to form a two-or three-dimensional
image of a portion of the specimen, documenting its local properties such as
chemical composition, crystallographic orientation, density, deformation, occurrence of defects, etc.
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In the field of metallic materials, the typical technique for acquiring images of
the surface of a specimen is optical microscopy. It can convey a large amount of
information about the material, its history and its expected in-service behavior.
It is no surprise, then, that metallography has been holding a close relationship
with image analysis over the last decades [3–6]. Most of the quantitative studies
in this field are oriented toward the segmentation and statistical quantification
of features of interest, especially the grains (i.e. elementary crystalline units of
the material) and second-phase particles, inclusions or defects [7–13]. The analysis of the textures found in these images been a matter of interest for some
applications, yet to a lesser degree3 . Most e↵orts in that direction are focused
on texture quantification by statistical, structural and transform-based methods [14–18]. The application of convolutional neural networks appears limited,
with a few recent exceptions [19–23]. One major limitation to the penetration
of modern image analysis techniques in materials science, as discussed in [24],
may be the financial and time cost for the production of microstructural images
(micrographs), as it requires careful specimen preparation, expertise, and expensive equipment [25]. Analysis procedures must then be adapted to size-limited
datasets.
Among metallic materials of industrial importance, Titanium alloys, especially the most common Ti-6Al-4V (Titanium alloyed with 6% Aluminum and
4% Vanadium), are used in aerospace, chemistry and biomedical applications,
due to their strength over weight ratio, corrosion resistance, and bio-compatibility
[26]. Their microstructures are usually complex and vary in many aspects depending on the parameters of the manufacturing process (temperature, deformation, cooling rate...). This has motivated several studies aimed at assessing
them by image analysis [27–30, 15, 31]. Ti-6Al-4V at room temperature presents
two phases with di↵erent characteristics named ↵ and [26, 32, 33]. A critical
requirement for many Ti-6Al-4V industrial parts is that they should present a
bimodal microstructure constituted by globular ↵ grains surrounded by a fine
mixture of and ↵ grains. This is illustrated in Figure 1, where the surface of
a specimen is imaged in optical microscopy. The ↵ grains appear with bright
shades and the mixture of fine ↵ - grains with dark shades. The goal of the
manufacturing process is to ensure that the ↵ grains are roughly spheroidal
(i.e. circular when observed in 2D), homogeneously distributed throughout the
volume, and surrounded by a fine layer of ↵ - mixture.
Difficulties arise when some ↵ grains are not correctly spheroidized by the
process. An example is presented in Figure 1(a): an elongated feature extending
over ca. 100 µm can be observed at the center of the image. It corresponds to
an insufficiently fragmented ↵ grain. Such defects are referred to as ↵GB (Grain
Boundary). They must be detected as they can compromise the mechanical
3

It should be noted that the term texture in the context of materials science, almost
always refers to crystallographic texture, i.e., the dominant crystallographic orientation of a set of grains, and in some cases to the morphological texture. Consequently,
this confusion may not help the di↵usion of texture analysis in the materials science
and engineering community.
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Fig. 1: (a): Micrograph of a Ti-6Al-4V specimen showing a defect; (b): Close-up
on ↵GB defect; (c): Segmented micrograph; (d): Segmented image overlaid on
the initial micrograph.

performance of the finished product by initiating cracks under cycling loading,
eventually leading to early fracture [34]. In the industrial context, the detection
of these features is expert-based, with trained technicians visually evaluating
a series of digital images acquired on semi-finished parts and measuring the
amount of defect within each, if any. As this is a tedious and time-consuming
task, a need exists for automatizing it. It is generally possible to segment the
original images without supervision using classical image analysis techniques
(Figure 1c), but the subsequent discrimination of the ↵GB defects proves to be a
complicated task, since they can be connected to other grains, and, conversely,
be fragmented at some locations. This difficulty motivated the search for a more
robust approach, based on the representation of the texture in each image and
its classification.
The field of texture analysis has seen significant advances in the last 20 years,
with the elaboration of the Bag-of-Words paradigm derived from linguistics for
texture representation, and the onset of CNNs, made up of several layers of nonlinear feature extractors [35, 36]. The latter demonstrated high performance in
building top quality features learned from large datasets, by contrast with handcrafted approaches based on predefined filter banks. CNNs are usually trained
and applied to sets of several hundreds of images (Table 3 in [36], Table 3 in
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[37]). By contrast, microstructural pictures of a given material are generally in
a much lower number, which possibly puts some limitation on the accuracy of
CNNs in this area. However, a recent study in the medical field showed efficient
results of AlexNet [38] for a binary classification problem with a dataset consisting of less than 300 images [39]. This result has motivated the choice of AlexNet
in this work for the detection of microstructural defects in Ti-6Al-4V specimens
with a reduced dataset. As a first approach, the CNN was trained and tested
with di↵erent hyper-parameters and datasets.
Information theory [40] is a powerful tool for quantifying the statistical link
between discriminative network filter responses and classes of interest, i.e. the
information bottleneck method studies the mutual information between filter
responses [41]. Special attention was paid to the evaluation of the information
flow [42] across the layers, so as to gain insights in their role in characterizing
defects.

2
2.1

Method
Design of experiments

To the best of the authors’ knowledge, the study of defects in optimal microscopy
images as proposed in this work is relatively novel in the field of texture analysis.
This motivated an approach in which several image parameters and CNN hyperparameters were allowed to take several values, to define the optimal combination
for detecting potential defects in the images. This work proposes a Design of
Experiments (DoE) to evaluate the factors suspected to limit the final accuracy
of CNN for the classification. The DoE focuses on three parameters referring to
the dataset preparation, on the one hand, and three hyper-parameters related
to the CNN architecture, on the other hand. They are summed up in Table 1
and exposed in the next sections.

Table 1: Design of experiments.
Parameters

Levels

Unit

Field of view
[293⇥293 - 586⇥586] µm2
Overlap
[1 - 50]
%
Minimal defect area
[500 - 1500]
µm2
Kernel size of first layer
[7⇥7 - 15⇥15]
pixels
Dropout
[10 - 50]
%
Validation split
[10 - 30]
%

The use of a fractional factorial design of type 26 2 reduced the required
number of experiments from 64 to 16 and to keep a resolution of IV. A center
point is added to take into account a potential non-linearity in the modeling.
For each experiment with a given dataset and a set of hyper-parameters, the
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validation accuracy was recorded at each iteration. The value after 50 iterations
was considered as the final accuracy of the model, evaluating its overall performance for classifying the images and providing a metric for comparison to the
other models.
2.2

Dataset generation

A set of 380 optical micrographs of Ti-6Al-4V specimens was acquired in industrial conditions using di↵erent magnifications and cameras. The field of view
could vary between 900⇥630µm2 and 1775⇥1330µm2 . 216 images of this dataset
contain a visible defect. Since the field of view, illumination and numerical
resolution could vary between the images, they were preprocessed to produce
as a ”clean” dataset as possible. The open-source program Fiji was used for
that purpose [43, 44]. The images were first re-sampled to the same resolution,
1.29 µm/pixel, and corrected for uneven illumination with a pseudo-flatfield algorithm. Their intensity histogram was also normalized. By contrast with the
original AlexNet architecture [38], which processes RGB images, the images in
this work were 8-bit.
The preprocessed images were subdivided into smaller images (tiles) to produce di↵erent datasets with various overlap, field of view, and minimal amount
of defect present in the image. The overlap ranged from 0 to 50% (”Overlap”
in Table 1), allowing for the possibility to increase the data with repeated portions of images. Since the defects can vary in size and shape, the field of view
covered by each tile could vary from 293 to 586 µm (”Field of view” in Table
1). For supervised learning, the tiles needed to be dispatched in two classes,
i.e. ”containing a defect” or not. This task was accomplished by segmenting
the initial grayscale images (e.g. Figure 1c) with morphological operators (alternate sequential filtering for denoising and convexity controlled watershed for
separating touching features [45]) and Otsu binarization. The defects were then
manually labeled with a flood fill tool. The labeled images were subdivided with
the same parameters as the grayscale images and the area of each defect was
measured in each tile. The minimum defect area necessary to consider the tile as
containing a defect or not could take values 500 and 1500 µm2 (”Minimal defect
area” in Table 1).
After cropping, all the tiles had numerical dimensions 227⇥227 pixels to
fit with the AlexNet-CNN recommendations. Some non-defect images were randomly removed to generate a balanced dataset with the same amount of pictures,
ca. 400, in both classes. The dataset was augmented by applying horizontal and
vertical mirror transformations, as well as 90 rotations.
Figure 2 presents some pictures from a dataset with a field of view of 293⇥293
µm2 and a minimum defect area of 1500 µm2 . Informally described, the images
without defects present similar textures characterized by some degree of granularity, due to the aforementioned process of ↵ phase fragmentation. The overall
contrast is constant among the images, as the initial images have been normalized, but the coarseness can vary depending on the amount of ↵/ phase mixture
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(dark areas). By contrast, the images with defects present a discontinuity in texture, materialized by a more or less thin and tortuous shape. Closer inspection
reveals that several textures, mostly di↵ering in isotropy, can coexist in the same
image (e.g. in the second image without defect starting from the upper left-hand
corner). Therefore, an efficient model has to consider the variety of morphology
as a unique class.

2.3

CNN architecture

The method presented here is based on the AlexNet architecture [38]. The programming language is Python 3.5 extended with the TensorFlow 2.0 machine
learning platform [46]. Keras library is also used to define the layer hyperparameters [47]. The parameters used in this study, very close to the general
AlexNet settings, are presented in Table 2. The activation function for the 5
convolutional layers is the Rectification Linear Unit (ReLU). The last three fully
connected layers (6, 7, 8) are regularized with a dropout whose value depending
on the experiment (Table 1), and the last layer is a softmax binary classifier.

Table 2: Architecture of the studied Ale⇥Net CNN. The parameters allowed to
vary are described in the te⇥t.
Layer
0
1
2
3
4
5
6
7
8
9

Operation

Kernel size Stride Output dimension

Input
Convolution
[7,11,15]
Max pooling
3⇥3
Convolution
5⇥5
Max pooling
3⇥3
Convolution
3⇥3
Convolution
3⇥3
Convolution
3⇥3
Max pooling
3⇥3
Fully connected
Fully connected
Fully connected
Activation (softmax)

4
2
1
2
1
1
1
2

227⇥227⇥1
55⇥55⇥96
27⇥27⇥96
27⇥27⇥256
13⇥13⇥256
13⇥13⇥384
13⇥13⇥384
13⇥13⇥256
6⇥6⇥256
9216
4096
4096
2

Three hyper-parameters of the CNN were allowed to vary. The kernel size of
the first layer could take values 7x7 or 15x15 pixels in order to evaluate how this
characteristic was related to the dimensions of the defects. The dropout value
in the fully connected layers was comprised between 0.1 and 0.5. The ratio of
initial images used for fitting was automatically chosen for statistical purposes
and varied between 0.1 to 0.3.
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(a) Images without defects.

(b) Images with defects.

Fig. 2: Typical dataset images extracted from the initial micrographs. Field of
view: 293⇥293 µm2 , size: 227⇥227 pixels.
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Performance evolution

After performing the seventeen experiments from the DoE, the model with the
higher accuracy was selected for a further investigation aimed at measuring
the contribution of each layer to the final binary classification. Previous authors derived various metrics from information theory and Shannon entropy for
evaluating the performance of a classifier, e.g. Confusion Entropy (CEN) [48],
Modified CEN [49] or mutual information score. In this work, the concept of
mutual information was considered. Indeed, as discussed in [42], it provides a
mathematically grounded metric for quantifying the information flow through
the CNN layers. Given two discrete random variables F and C (e.g. feature and
class of an object), the mutual information can be expressed by the di↵erence
between the marginal entropies of F and C, and their joint entropy:
I(F, C) = H(F ) + H(C)

H(F, C)

(1)

where I(F, C) is the quantity of information obtained on one variable by the observation of the other. H(F ) and H(C) are the marginal entropies, and H(F, C)
is the joint entropy. A perfect classifier is characterized by mutual information
of 1, while the worst one, in the case of two classes and two labels, is 0.
For each layer of the model, the performance of each filter as a classifier
was measured by calculating its mutual information score. Figure 3 sums up the
principle of the mutual information analysis for the best model.

Fig. 3: Principle of the CNN mutual information analysis for two filters i and j.
The output maximal mutual information, depicted on the right, shows that
filter i has a higher discriminating power.
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The calculation was based on the confusion matrix summing up the relative amounts of true positives (defect correctly detected), true negatives (absence of defect correctly identified), and false positives and false negatives (presence/absence of defect wrongfully detected).
A set of randomly chosen 200 images, 100 with defects, 100 without, were
analyzed by the trained CNN. For each filter, the maximum values of the feature maps are recorded and reported in two histograms, one for each class
with/without defect. Depending on the capacity of the classifier, the histograms
can be more or less distinct. The mutual information is calculated for discrimination threshold values spanning the whole range of the histograms, in the same
manner as for the derivation of a Receiver operating characteristic (ROC) curve.
The performance of the filter for separating both classes is then considered as the
maximal mutual information value found, corresponding to the optimal threshold value. This operation is repeated for all the filters of each layer. The maximal
mutual information values are then recorded and reported in a series of 5 histograms, one for each convolutional layer, summing up the abilities of its filters
to correctly label the images.

3

Results

The learning progression of a model is represented by the evolution of the accuracy at each iteration. The Figure 4 presents the learning curves of the 16
experiments.

Fig. 4: (a): Bundle of learning curves obtained from the DoE; (b): Final
accuracy values showing two distinct groups according to the validation split
value 0.1 or 0.3.

Even though there are six varying parameters, the behavior of learning curves
diverges into two di↵erent ways. The two groups revealed on the Figure 4b are
di↵erentiated by the validation split ratio. In the case of a validation split of
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30%, the mean accuracy of the model after 50 iterations reaches 95.67%. In the
case of a validation split of 10%, this value of mean accuracy increase to 98.54%.
It appears that all models are stabilized at the end of the experiment, i.e. after
50 iterations.
To evaluate the classification ability of the model layer by layer, the mutual information is assessed for each filter, as mentioned earlier (Figure 3). It is
then possible to observe the successive convolution of two images of defect and
no-defect by the best filters of each layer through the network. The intensity
distribution of each feature map is reported in histograms in Figure 5.

Fig. 5: Intensity histogram of the feature maps obtained with the best filter of
each layer. Successful classification after the third layer.

While both histograms are overlaid in the two first layers, they start to separate at the third layer. The fourth and fifth layers exhibit two distinct distributions of intensity that reveal the successful classification of the initial images.
To evaluate the e↵ect of the sixth factors studied in DoE, a diagram of the
main e↵ects is presented in Figure 6.
As mentioned in Figure 4, the validation split is of first importance in the final
accuracy of the model. By comparison, the other parameters are of minor impact.
The kernel size of the first convolution layer has a slight influence on the ultimate
accuracy and has to be set to 7x7 pixels to increase the model performance. The
overlap between successive images, which can induce redundant information,
does not seem to a↵ect the response of the models.
The mutual information histograms of all filters in each convolutional layer
(model 6 in Figure 4) are plotted in Figure 7a. The histogram for the first convolutional layer is bimodal, showing that a significant amount of high-level filters
induce di↵erent responses from both classes of images. The overall distribution
for layer 2 is gathered towards low values. The distributions for layers 3, 4 and
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Fig. 6: Results of Design of Experiments. Main e↵ects diagram.

5 appear similar, yet with increasing extreme values. This suggests that some
low-level/long range filters perform better and better with the CNN depth. This
behavior is estimated in Figure 7b, where the mutual information value separating each histogram in a 90 vs 10% frequency ratio (highest decile) is plotted
against the layer number.
The last decile of the mutual information first decreases between the first
and second layers, then linearly increases up to the fifth layer. This expresses
the cumulative information gain brought by each deep layer and suggests that
these are necessary to capture the low level features that distinguish the images
with and without defects.
At the end of the model, the fifth layer is connected to three successive dense
layers. A softmax function finally classifies the images. The mutual information
can also be calculated at this step. The result is presented in Figure 8. The
mutual information reaches 0.74 and succeeds in classifying 200 images with 93
true positives, 98 true negatives, 2 false positives and 7 false negatives.

4

Discussion

The results presented in Figure 4 indicate that all the models quickly reach an
excellent accuracy, higher than 95%. As a matter of fact, one of the models
achieves a theoretical accuracy of 100% (experiment 4 on Figure 4b). However,
the accuracy metric is highly correlated to the number of pictures randomly selected to validate the model at each iteration. For that reason, the final accuracy
can take values exceptionally high and must be put into perspective.
Accordingly, the consideration of the mutual information brings some additional knowledge about the network operation. The analysis of the mutual information through the network shows that the classification efficiency is non-linear.
First of all, the bi-modality of the mutual information distribution observed in
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Fig. 7: (a): Distribution of mutual information in successive layers of model 6;
(b): Highest decile values of histograms shown in (a).

the first layer can be attributed to the heterogeneity of the textures at a small
scale (as evidenced by Figure 2a). Indeed, a recent study on Texture-CNN (TCNN) [50] showed that the three first layers of AlexNet are efficient in textures
recognition, whereas the fourth and fifth layers are more suitable to describe
shapes. In the present work, the classification efficiency increases from the third
layer and becomes significant starting from the fourth layer. In the two last layers, the mutual information is high enough to separate the ↵GB defects from the
background texture. Based on this observation, a typical ↵GB defect seems to
more recognizable by the texture discontinuity that it causes than by its texture
itself.
The consideration of 227x227 pixels tiles instead of large initial images has
been made in the first instance to increase the dataset size and so to improve
the final model accuracy. Additionally, this method can be reversed to return
the localization of the defects in the initial images. For example, Figure 9 shows
a map in which the colors correspond to the average occurrence probability of
a defect. It was obtained by dividing the initial image in 227⇥227 pixels tiles
separated by 5 pixels which were processed by the trained model. The final
classification score of each tile was then summed and averaged at each pixel to
produce the colormap overlaid on the initial image. The central defect is clearly
detected (values close to 1). The upper left zone of the image appears with
slightly lower values, which may be caused by the directional texture observed
at this location, di↵erent from the rest of the image.
Further work shall concentrate in identifying the images that respond well
to the classification, especially at the first layer. Conversely, visualizing the best
performing filters of this layer will bring insights in the most significant features
that make up the texture representation of the material.
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Fig. 8: Mutual information after the last activation layer (softmax).

Fig. 9: Prediction map for a typical micrograph with overlaid tones
corresponding to the detection probability of a defect.

5

Conclusion

In this paper, the use of AlexNet architecture was found to be a promising solution for the detection of specific geometric features in materials images (↵GB in
Ti-6Al-4V micrographs). In a first approach, a design of experiments including
six factors with two levels, related to the dataset and to the CNN, revealed an
optimal model with an ultimate classification accuracy of 98.54%. Among these
six parameters, the validation split ratio in the training step is of major importance. The ultimate accuracy increases when the validation split ratio decrease
in the range of 30% to 10%.
In addition to the statistical analysis of the main e↵ects, the mutual information provided by the entropy theory has been used. This approach provides
a powerful tool to understand the evolution of the information gain through the
network. More precisely, it allows to evaluate the benefits of each filter in each
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layer. In the general context of texture classification, the convolution Neural Networks based on AlexNet are efficient in the first layers. But in the specific case
of ↵GB detection, the use of mutual information theory pointed out the benefits
brought by deep layers. In this way, and contrary to the initial approach, it has
been stated that the real challenge in the ↵GB detection analysis lies in the microstructure discontinuity characterization rather than in texture recognition. In
addition to that statement, there is strong evidence that adding deeper layers to
the AlexNet architecture could increase the efficiency of the classification. Further e↵orts will focus on this opportunity to improve the efficiency of AlexNet
in this context.
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