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The promising results of deep learning in image recognition suggest a huge potential for microscopic
analyses in materials science. One major challenge for its adoption in the study of materials is the lim-
ited number of images that are available to train models on. Herein, we present a methodology to create
accurate image recognition models with small datasets. By explicitly taking into account the magnifi-
cation and by introducing appropriate transformations, we incorporate as many insights from material
science in the model as possible. This allows for a highly data-efficient training of complex deep learning
models. Our results indicate that a model trained with the presented methodology is able to outperform

© 2020 Acta Materialia Inc. Published by Elsevier Ltd. All rights reserved.

Microscopy images are an important source of information
on the small-scale structure of materials, referred to as the mi-
crostructure. However, most of the time, this information is anal-
ysed only qualitatively: domain experts for instance mainly exam-
ine these images to assess whether the processing of the material
went well. While such an assessment is important, a lot of infor-
mation contained in the microscopy image is not used. In recent
years, approaches towards a more quantitative analysis of these
images using machine learning have been thoroughly investigated
in literature[1-4]. However, all these approaches rely on generic
microstructure descriptors that are not tailored to the specific ma-
terials in the dataset, resulting in sub-optimal performance.

Deep learning methods[5] make it possible to learn microstruc-
tural descriptors directly from the available data. Despite the first
report of deep learning outperforming humans in an image recog-
nition task already dating back to 2011[6], its adoption in practical
material science remains limited[7-9]. A possible explanation for
this, is that deep learning is often only deemed to outperform clas-
sical methods when large datasets of images are available. With
most commonly used datasets in material science literature con-
taining around the order of a thousand images|2,4,10], this opinion
feels reasonable. However, recent work|[11] has shown that by cre-
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ating tailor-made deep learning models for specific datasets, one
can outperform models that use generic microstructure descrip-
tors.

This would make it possible to investigate how well deep learn-
ing models perform in recognizing microstructures compared to
expert materials scientists. Although it is clear from other fields in
computer vision that deep learning models can outperform human
experts[12,13] provided a sufficient number of images, we here aim
to investigate the performance of models that are trained on only
around a hundred microstructure images in total. A hundred im-
ages is a practical amount, as it can easily be collected in a sys-
tematic study of a class of materials.

To evaluate the performance of both a neural network that is
obtained using the methodology presented in [11] and the panel
of experts, we have organized two different quizzes. For the first
quiz, 36 microscopy images need to be assigned to one of the five
pre-defined classes of microstructures. The option “None of these”
is included in case a microstructure image is shown that does not
belong to one of the five pre-defined classes. The dataset on which
the model was trained, the training set, contains 134 images in to-
tal, with magnifications, expressed as pixels per micrometer, rang-
ing from 1.1 to 212 pixels per micrometer (ppum). Both optical mi-
croscopy images and scanning electron microscopy (SEM) images
have been included. An example for each type of microstructure
is shown in Fig. 1 (a). For the second quiz, 21 SEM microscopy
images of complex martensitic steels need to be assigned to one
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Fig. 1. An illustration of the microstructures for each of the pre-defined material classes for quiz 1 (a) and quiz 2 (b). More information on the material classes can be found
in Supplementary S1 and S2.

of the six pre-defined classes of microstructures. Here, the option fact mimics how human experts classify images, as they would al-
“None of these” is not included for the panel of experts, mainly to ways require a scale-bar in order to classify a material.

reduce the difficulty of the quiz. The training set contains 58 im- The machine learning approach used in this work consists of
ages in total, with magnifications of either 53 ppum or 106 ppum. two steps: 1) obtaining the microstructural descriptors and 2) as-
Some examples of these images are shown in Fig. 1 (b). In Supple- signing these descriptors to a material class. In the first step, we

mentary S1 and S2, we give a description of each of the material train a deep neural network[5] to learn descriptors of a microstruc-
classes and show the distribution of the magnifications for each ture image through the use of triplet networks|14]. The neural net-
microstructure type for both quizzes. work takes as input both a transformed crop x; and its resolution [;,

Since we want to train a model with only a few images of each expressed as dots per micrometer, and outputs a vector f(x;, [;). We
microstructure class, it is necessary to include as many insights will refer to the elements of this vector as the descriptors of the

from material science as possible. For instance, the model should microstructure image. The deep neural network has several mil-
be robust to imaging conditions such as lighting, etching and dust lions of parameters, which are iteratively updated by minimizing
particles. We achieve this by artificially modifying the images dur- for each crop x? the triplet loss[15]:

ing training and in this way augmenting the information shown to

I
the model. Concretely, we have made use of the following modifi- max (0’ [IFO ) = £ M= 1IfC 1) - £6 1D+ a), Q)

1 1

cations: where ||.|| represents the euclidean norm, x} and x:’ are crops be-
Aggressive data augmentation transforms the images before  Jonging to the same material class and xP is a crop belonging to a
they are used for training the model. These transformations in-  different material class. The « is a positive, real number that rep-

clude generic ones such as rotations, mirroring and changes in  resents the desired minimal distance between the descriptors of
brightness. Additional transformations were conceived to better different material classes. Thus, this method learns to map a mi-
highlight the relevant features in a microscopy image. Local blur-  crostructure image to a vector representation of a desired dimen-
ring of the image is used to mimic for instance a dust particle  sjonality, so that similar types of microstructures have descriptors
covering a certain part of the image. Edge detectors stress the that lay close together and different types of microstructures have
importance of phase boundaries. Warping of the image explicitly  descriptors that are separated from each other. More explanation
includes the translational invariance of the image in combination on how a triplet network works, can be found in Supplementary
with other transformations. S3. Further details on the training procedure can be found in Sup-

Crops at different length scales are used to further increase  plementary S4. All the results we report are obtained using the
the number of images on which the model is trained. Given an deep learning library PyTorch[16].

original image, which has a pixel resolution of 1000 x 1200, a Throughout this work, we will only use two-dimensional de-
smaller crop of the image is randomly selected and either down-  scriptors, as using such low-dimensional descriptors allows for
or up-sampled, so that the final crop used for training has a reso-  trajning more robust classification models afterwards[17]. The out-
lution of 200 x 200 pixels. Because of this, the model can learn to put of the triplet network is shown in Fig. 2, where each coloured
recognize the material at different length scales. dot represents the descriptor of a crop in the training set. Dots be-

~ Explicit inclusion of the magnification serves as an additional  Jonging to the same class have the same colour. Clearly, the neural
input to the model. For each randomly selected crop, the number  npetwork has been well optimized, as descriptors of the same ma-
of dots per micrometer is computed and used as input for the deep  terjal class lay close together and far away from the other classes.

learning model. This is deemed necessary, as in microscopy images In the second step, we need to assign each of the descriptors to
there can be a large range of magnifications compared to classifi-  the right material class. A key challenge in the quizzes is the pos-
cation problems in other fields of computer vision. For instance, in sibility for the images to belong to none of the pre-defined classes,
the training set for quiz 1 there is a factor of 265 difference be- so that we need to recognize when a given microstructure image

tween the smallest and the largest magnification. Note that this in differs from the images in the dataset on which the model was
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Fig. 2. Illustration of the used methodology. The coloured dots represent the de-
scriptors of the crops used for training the model. Dots with the same colour be-
long to the same material class. The contours show the log-likelihood of the Gaus-
sian mixture model that is fitted to these points. The black contour lines show the
threshold for determining outliers. Points outside these contour lines are consid-
ered to belong to none of the pre-defined material classes. The five black crosses
are crops from the same quiz image that are assigned to one of the classes, while
the black star is a crop from that image that is considered an outlier. The resulting
probability distribution for these crops is shown in the inset, where the “None of
these” option is the sixth class. As most of the crops are assigned to class two, the
model would predict the quiz image to belong to that class with a probability of
50%. Best viewed in colour.

trained. To do so, we fit a multivariate Gaussian distribution to
each of the class centres of the descriptors using the Gaussian mix-
ture model implementation in scikit-learn[18]. The resulting con-
tours of the likelihood of the Gaussian mixture model are shown
in Fig. 2. Crops that have a descriptor with a likelihood under a
certain threshold are considered to belong to the “None of these”
class. Details on the fitting procedure can be found in Supplemen-
tary S4 and details on the determination of the threshold can be
found in Supplementary S5.

To be consistent with the training procedure, the model can
only deal with images of size 200 x 200. During the evaluation of
the quiz images, we therefore randomly select a number of crops
from the image. After applying image augmentation to these crops,
the microstructural descriptors are computed using the triplet net-
work. These descriptors are then passed to the Gaussian mixture
model to obtain for each crop a probability for each material class.
This is shown in Fig. 2, where the black crosses and star represent
crops belonging to the same image. After averaging the probabili-
ties of the crops belonging to the same image, we obtain a prob-
ability distribution for the entire image. As averaging over more
crops is preferable to obtain a meaningful probability distribution,
we evaluate a thousand crops per image. By using a probability
distribution rather than a hard decision, we can assess how cer-
tain the model is in its predictions.

To evaluate the performance of the proposed method, we hold
two quizzes for both human participants and the deep learning
model. For the first quiz, the human panel consists of 21 experi-
enced metallurgists, to whom we will refer as “experts”, and at
56 additional participants who don’t necessarily have any experi-
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Fig. 3. Comparison of the classification accuracies of the panel of experts and the
deep learning models for both quizzes. The numbers in the bars indicate the num-
ber of participants.

ence in analysing microstructure images. We refer to this second
group of participants as “non-experts”. In the second quiz, 20 ex-
perts and 27 non-experts participated. The quiz was sent through a
link and there was no time limit to answer the questions. Although
we use the word “expert” for the metallurgists, we emphasize that
especially for the second quiz, not everyone is equally familiar with
the microstructures under consideration. Both panels were shown
some representative example images for each material class, but
they did not see the entire training set.

In Fig. 3, we compare the classification accuracy of the non-
expert panel, the expert panel and the deep learning model. Un-
surprisingly, the experts beat the non-experts by a large margin in
both quizzes. The deep learning model achieved the highest accu-
racy in both cases. For the first quiz, the experts classified on av-
erage 73% of the images correctly, while the deep learning model
achieves an accuracy of 81%. The best performing expert managed
to obtain a score of 86%, outperforming the model by 5 percent-
age points. Still, we can conclude that the model is competitive
with the best experts. For the second quiz, the experts obtained
an average score of 67%, while the deep learning model classified
all images correctly. The best expert in the panel also managed
to obtain a perfect classification score. It is remarkable how well
the model performs considering the small amount of data. Because
deep learning models consider every single pixel in the image, they
are able to discern very small details, which are important for this
kind of complex microstructures. Code to reproduce the results can
be found on microstructuredb.com/papers.

In Supplementary S7 and S8, we have included an overview
for every quiz image of the probabilities assigned to each class by
the machine learning algorithm. It is interesting to compare this to
how the experts voted. It is clear for quiz 1 that both the human
expert and the deep learning algorithm struggle with the “None
of these” option. This option confuses the majority of experts in
three out of the in total four wrongly classified images, whereas
the deep learning algorithm fails because of this option in six out
of the in total seven wrongly classified images. One such an im-
age is shown in Fig. 4 (a), where we see a pearlitic-ferritic struc-
ture at a low magnification. We have also included a saliency map
that shows the pixel-level predictions of the model. These maps
are obtained by averaging the predictions of many crops using the
procedure outlined in [11]. Since the training set only contains im-
ages that have a magnification of at least a factor x2.5 higher, the
model has to extrapolate and fails to correctly recognize the mi-
crostructure. This is also reflected in the completely dark saliency
map as the model fails to recognise any microstructural feature in
the image. For the human experts, who can fall back on their much
larger mental library of images, it is easier to recognize that this is
indeed a low-magnification image of a pearlitic-ferritic material.
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Fig. 4. Visual analysis of the model predictions using saliency maps. In both quizzes, there is a limited number of images where human experts outperform the deep
learning algorithm, in contrast to the overall result. For each of the two quizzes, one of these images is shown here together with the saliency maps that provide pixel-level
assignments of the model. The image on the left contains both ferrite and pearlite and hence belongs to class 4, whereas the model does not assign this image to one of
the pre-defined classes. The saliency map is entirely dark, implying that no microstructural features are recognised. The image on the right features some sharp needle-like
structures and hence belongs to class 3. The model correctly predicts this, although it is not very certain about its prediction, due to the presence of precipitates in the
lower corners, which are typical features of materials from class 2. These regions are marked blue in the saliency map and hence assigned to class 2.

For the second quiz, we see that the machine learning model
not only obtains a perfect classification score, but that is it also
very confident in its predictions. The predictions in which it is
least confident, are those for the images that belong to classes 3
and 5, which are the classes with the fewest training images. There
is only one image where the human experts are clearly more con-
fident in their prediction and this image shown in Fig. 4 (b). Due
to the presence of some martensitic regions with a small amount
of carbides in the lower right part of the image, it is indeed un-
derstandable for the model to assign some probability to class 2,
which is the only class with such fine carbides. This is also shown
in the saliency map, where the precipitate-containing regions are
marked blue. In Supplementary S9 and S10, we discuss some more
images and their saliency maps. In line with the findings in [11],
we find that the model autonomously learns the importance of mi-
crostructural features such as the grain size, the grain shape and
the presence of precipitates.
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The results above are promising, as they show that even when
small datasets of images are available deep learning models are
capable of analysing microstructure images at least on par with
human experts. As the deep learning methods will become even
more performant, we anticipate that human experts will soon
struggle to keep up with deep learning models and that such mod-
els will play a crucial role in the analysis of microstructure images.

In this report we illustrated how a deep learning model can be
used to recognize structures even when only small datasets are
available. We tailored practices from other fields in computer vi-
sion to the problem of microstructure recognition by introducing
appropriate data augmentations and by explicitly including infor-
mation about the magnification in the model. We showed how the
models we trained can outperform a panel of experts and con-
cluded that the use of deep learning is especially effective in the
study of complex martensitic microstructures.
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