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Abstract: This paper aims to demonstrate a novel technique enabling the accurate visualization and
fast mapping of deformation-induced α′-martensite produced during cyclic straining of a metastable
austenitic stainless steel, refined by reversion annealing to different grain sizes. The technique is
based on energy and angular separation of the signal electrons in a scanning electron microscope
(SEM). Collection of the inelastic backscattered electrons emitted under high take-off angles from a
sample surface results in the acquisition of micrographs with high sensitivity to structural defects,
such as dislocations, grain boundaries, and other imperfections. The areas with a high density of
lattice imperfections reduce the penetration depth of the primary electrons, and simultaneously affect
the signal electrons leaving the specimen. This results in an increase in the inelastic backscattered
electrons yielded from the vicinity of α′-martensite, and a bright halo surrounds this phase. The
α′-martensite phase can thus be separated from the austenitic matrix in SEM micrographs. In this
work, we propose a deep learning method for a precise α′-martensite mapping within a large area.
Various deep learning-based methods have been tested, and the best result measured by both Dice
loss and IoU scores has been achieved using the U-Net architecture extended by the ResNet encoder.

Keywords: scanning electron microscopy (SEM); austenitic stainless steel; low cycle fatigue;
deformation induced martensite; deep learning

1. Introduction

Austenitic stainless steels (ASSs) are characterized by excellent formability, work hard-
ening and weldability, and good corrosion resistance, and thus within the stainless steel
family still occupy a privileged position [1]. Due to their combination of prominent me-
chanical and technological properties, they have found uses in diverse industrial, domestic,
architectonic and biological applications [2–4]. In addition to the classical well-known
Cr–Ni AISI 300 ASS grades, great attention has recently also been paid to their leaner
alloyed equivalent, so-called TRIP/TWIP (transformation-induced plasticity/twin induced
plasticity) Cr–Mn–Ni steels [5].

In the annealed state, these steels have a fully austenitic microstructure, which is
responsible for their excellent ductility but limited yield strength. The parent fcc (face
centered cubic) paramagnetic austenitic γ structure of most of these steels is known to be,
however, metastable. Thus, depending on the ASS stability, it can partially transform to fer-
romagnetic bcc (body centered cubic) α′-martensite spontaneously during cooling, and/or
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athermally by mechanical straining; for a recent review, see [6–8]. Generally, the stability of
ASSs and their susceptibility to deformation-induced martensite (DIM) formation depends
primarily on the chemical composition and temperature—see the two well-known charac-
teristic threshold temperatures designated as Ms and Md30, which can be calculated using
empirically derived equations from the chemical composition (see e.g., [4,9]). An important
factor that has a crucial effect on the nucleation mechanisms, morphology and kinetics of
DIM formation is the stacking fault energy (SFE) [10–12]. Since SFE alone depends on the
chemical composition and temperature [6,7,12–14], the deformation/hardening behavior of
metastable ASSs is also strongly temperature-dependent, and is dictated by the dominant
deformation mechanisms for a given temperature [7,8,11].

Deformation-induced martensitic transformation and its impact on the deformation
behavior of ASSs during monotonic or cyclic loading via the TRIP or TRIP/TWIP ef-
fect has been the subject of numberless studies; for a recent review, see [6,8,11,12,15,16].
Among other areas in which the role of DIM is of outstanding importance, we may include
(i) grain refinement via reversion annealing after prior cold working [8,17,18], (ii) magnetic
stability at cryogenic temperatures (superconducting magnets) [19,20], (iii) non-destructive
monitoring of fatigue damage and assessment of residual fatigue life [21–25], (iv) delayed
cracking after deep drawing of lean-nickel alloyed ASSs [26,27], (v) the role of DIM in hy-
drogen environment embrittlement [28–32], and (vi) pitting corrosion and stress corrosion
behavior [33–36].

Numerous characterization techniques can be utilized for the characterization and
quantitative assessment of deformation-induced ε- and α′-martensite phases in austenitic
steels; for comprehensive reviews see [6,8,11,37–39]. X-ray diffraction (XRD), ferritescope,
optical microscopy (OM) and electron back-scattered diffraction (EBSD) are the most
common techniques used to detect and quantify the martensite phase induced by static
or cyclic deformation. XRD measurement offers information about the martensite phase
content, but not about its size and distribution within a matrix. The same is true also for
a more local ferritescope, which, in principle, can detect only a ferromagnetic phase, i.e.,
α′-martensite and/or possible δ-ferrite. The OM technique enables one to visualize the
martensite phase. The specimens used for OM analysis have to be specially etched to
reveal martensite, which is tricky, especially in the case of large areas. Moreover, the spatial
resolution of the OM is limited and insufficient for the visualization of fine martensite
phases. The EBSD technique enables the visualization and separation of all phases in steel
with relatively high spatial resolution [40]. On the other hand, this technique requires
a high-quality metallographic specimen. Furthermore, EBSD analysis with a suitable
resolution is time-consuming, and is absolutely impracticable in the characterization of
spacious areas on the specimen’s surface. A scanning electron microscope (SEM) enables
high spatial resolution together with fast data acquisition. Unfortunately, the phases in
multiphase steels are not distinguishable in conventional SEM micrographs without any
special etching of the specimen surface. Even after selective etching, some fine phases are
hard to identify. Transmission electron microscopy (TEM) provides sub-nanometer spatial
resolution and precise phase identification by means of electron diffraction. On the other
hand, TEM requires special specimens in the form of very thin foils. Preparation of the
TEM specimens is extremely cost- and time-consuming, and only local information about
the material can be obtained. In fact, there is no method for the precise high-resolution
mapping of deformation-induced martensite over large areas.

In this work, we propose a novel technique with high spatial resolution intended for
large-area mapping of α′-martensite phase generated in cyclically strained fine-grained
metastable 301LN austenitic stainless steel. Experimental data obtained in the bulk of
fatigued 301LN steel are compared with our recent results of surface observations using
different microscopic techniques applied to the identical material cyclically strained to the
early stages of fatigue life [41].
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2. Materials and Methods

A commercial metastable 301LN austenitic stainless steel sheet with the chemical com-
position (in wt.%) 0.025 C, 0.53 Si, 1.25 Mn, 0.024 P, 0.001 S, 17.5 Cr, 6.5 Ni, 0.2 Cu, 0.09 Mo,
and 0.15 N, with the rest being Fe, was submitted to so-called fast reversion annealing after
prior cold deformation at the University of Oulu. This specific thermomechanical treatment
is recognized as an effective tool for grain refinement and the considerable improvement of
tensile properties (for the most recent comprehensive review on this topic see [18]). Anneal-
ing at 1050 ◦C/200 s and 900 ◦C/1 s resulted in a coarse-grained (CGA1) and fine-grained
(FGA) fully austenitic microstructure with average grain sizes of 13 µm and 1.4 µm, respec-
tively. The flat dog-bone 3 mm thick specimens with a gauge width and length of 4 mm
and 6 mm, respectively (see Figure 1), were cyclically strained in a symmetrical push–pull
cycle at room temperature, with a constant total strain amplitude of 0.5%, to a very early
stage of fatigue life. After completion of the fatigue tests the gauge part of the specimens
was sectioned by spark-erosion both longitudinally and transversally (see Figure 1). For
microstructure investigations, the sections were carefully polished mechanically and elec-
trolytically using solution A2 (Struers GmbH, Roztoky u Prahy, Czech Republic) consisting
of 78 mL perchloric acid, 120 mL distilled water, 700 mL ethanol and 100 mL butyl cel-
losolve (butyl glycol) at ambient temperature and at a current of less than 5 A for 1 min.
Other details on the material and its thermomechanical treatment as well as low-cycle
fatigue tests can be found elsewhere [41–43].
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Figure 1. Schema of fatigue specimen geometry with indicated longitudinal and transversal sec-
tions used for the large-area microstructure mapping (S.A. = stress axis, R.D. = rolling direction,
LD = longitudinal direction, TD = transversal direction, ND = normal direction).

The specimens were investigated using an extreme high-resolution scanning electron
microscope (SEM) MagellanTM 400 L (Thermofisher Scientifics, Waltham, MA, USA)
enabling sub-nanometer spatial resolution. The instrument is equipped with a multiple
detection system. The signal electrons can be collected by a through-the-lens (TLD) detector,
a conventional Everhart–Thornley detector (ETD), and a multi-segment solid state high-
efficiency back-scattered electron (CBS) detector. The TLD and the ETD detectors are
designated for detection of the secondary electrons (SEs) and the CBS detector collects the
back-scattered electrons (BSEs). The instrument is described in detail elsewhere [44]. In this
study, the CBS detector [45] was utilized for inelastic BSEs signal collection. The microscope
is equipped with an electron back-scattered diffraction (EBSD) detector Hikari (EDAX,
Pleasanton, CA, USA) paired with EDAX’s TEAMTM EBSD analysis system software
(Version 4.0). The EBSD maps were analyzed with the OIM 7 software. MAPS software
version 2.0 (Thermofisher Scientific, Waltham, MA, USA) was used for the automated
acquisition of high-resolution images from a large area [46]. The arrangement of detectors
with respect to specimen position inside the microscope chamber is shown in Figure 2.
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3. Results and Discussion
3.1. Visualization of Martensite Phase in SEM Micrographs

Figure 3 shows SEM micrographs taken within the area located in the middle of the
transversal section of the coarse-grained 301LN steel specimen (see Figure 1) cyclically
strained to the very early stage of fatigue life and corresponding phase EBSD map. The SEM
micrographs were obtained under various imaging conditions and detection geometries.
Figure 3a shows the SEM micrograph captured by the TLD detector. This image as created
mainly from the true SEs and is surface-sensitive. One can observe surface imperfections,
contamination, and a weak crystallographic contrast; however, without any detectable
contrast discriminating the microstructural phases. Figure 3b represents a BSE micrograph
collected by the CBS detector. The micrograph is created mainly by the elastic low take-off
angle BSEs, which was secured using a very short work distance and low impact energy of
the primary beam. The image primarily exhibits the channeling contrast. Clear distinctions
between the martensite phase and the austenitic matrix are impossible. Figure 3c also
represents a BSE image similar to that in Figure 3b, but in this case it is created by the
inelastic high take-off angle BSEs. As is apparent from this figure, the martensite phase
imaged under this condition exhibits a bright contrast caused by an intensive reflection of
signal electrons. The bright areas correspond to α′-martensite phase particles, as verified
by the EBSB mapping of the corresponding area shown in Figure 3d. This phenomenon
has been already observed in complex steels, as reported elsewhere [47,48], where optimal
SEM conditions securing the clear contrast between the martensite and other phases were
provided. The inelastic high take-off angle BSEs were assigned as a source of the contrast.
The origin of the contrast is attributed to the sensitivity of the high-loss BSEs on structural
imperfections, namely on dislocations inside the martensite phase. The discontinuity of
crystal potential in the vicinity of dislocations results in a dramatic increase in the rate
of electrons scattered by phonons. The electron–photon interaction has a quasi-elastic
character, and the momentum transfer is large. It results in a reduction in the coherence of
the primary electron wave and suppresses the transmission of the primary electron beam.
These factors, i.e., the enhanced electron scattering from dislocation-rich areas and the
suppressed penetration depth of the primary beam, result in a high yield of backscattered
electrons from α′-martensite.
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Figure 3. Area within central part of transversal section of fatigued coarse-grained 301LN steel (cf.
Figure 1) imaged under various imaging conditions in SEM: (a) the SE micrograph captured at 5 keV
primary beam energy by the TLD detector, (b) the elastic BSE micrograph obtained at 5 keV primary
beam energy by the CBS detector using short working distance, (c) the inelastic BSE micrograph
acquired at 30 keV primary beam energy using the CBS detector and long working distance securing
collection of the high take-off angle signal electrons, (d) EBSD phase + image quality map (green
color = austenite, red color = α′-martensite, and yellow color = ε-martensite).

Figure 4a shows an SEM micrograph obtained under conditions securing the col-
lection of the high-loss, high-take-off angle BSE signal. As is visible, the source of the
extremely strong signal illuminates not only α′-martensite itself but also its vicinity. As
reported earlier [49], the martensite phase induces volume changes compared to the parent
austenite, and α′-martensite generates a volume expansion of 2.57%, which is inseparably
connected with the presence of structural defects. Moreover, favorable nucleation sites of
α′-martensite are dislocation pile-ups. The presence of structural defects in the vicinity of
the α′-martensite phase is a source of a bright halo around this phase. Thus, due to this
effect, the α′-martensite can be easily identified in the SEM micrographs created by the
inelastic BSEs.
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primary beam energy by the CBS detector together with (b) corresponding EBSD phase + image quality
map (green color = austenite, red color = α′-martensite).
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3.2. Large-Area Mapping: Automated Image Acquisition in the SEM

As mentioned above, the SEM micrographs obtained under the conditions securing the
collection of high-take-off angle, high-loss BSEs enable the separation of the α′-martensite
phase from the austenitic matrix. This was utilized for large-area mapping in the SEM.
The image acquisition process was automated using the software MAPS 2 (Thermofisher
Scientific, Waltham, MA, USA). Figure 5 shows an example of MAPS data collected from the
specimen. The high-resolution SEM micrographs of 1024 × 884 pixels size were collected
automatically over the entire surface of the specimen section, with a 10% overlap. The SEM
images were acquired at 30 keV primary beam energy by the CBS detector, which enables
the collection of inelastic BSEs. In order to improve the contrast between α′-martensite and
the matrix, the detection of the high-take-off angle BSEs was reached by utilizing a large
working distance. The distance between the specimen’s surface and the detector was over
12 mm. The long working distance reduced the detection efficiency of the CBS detector,
and a very high probe current was used to improve signal/noise ratio. The probe current
was set to 26 nA.
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Figure 5. Automated data acquisition by means of the MAPS software applied to the specimen
section of fatigued fine-grained 301LN steel.

Figure 6 shows montaged high-resolution SEM micrographs of the longitudinal and
transversal specimen sections (cf. Figure 1). The SEM micrographs were obtained under the
conditions described above, i.e., 30 keV landing energy of the primary electrons, working
distance of 12 mm, and the probe current of 26 nA. After stitching, the longitudinal section
map represents an image of 19,754 × 29,280 pixels and 16,850 × 26,331 pixels in the case of
the transversal specimen section. The bright contrast represents the areas containing the
α′-martensite. Unfortunately, the α′-martensite is not the only source of the extraordinarily
bright contrast in the SEM micrograph, but dirt, dust and sample preparation artifacts are
also connected with this type of contrast. This highlights the necessity of taking the utmost
care during surface preparation.
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Figure 6. The microstructure of fine-grained 301LN steel cyclically strained to the very early stage
of fatigue life within (a) longitudinal and (b) transversal specimen section as obtained by SEM-
automated data acquisition. The stitched image of the longitudinal section comprises 32 × 14 SEM
micrographs and the transversal section 29 × 12 SEM micrographs. The size of each SEM micrograph
is 1024 × 884 pixels. Details indicated by red rectangles in both specimen sections correspond to
an individual SEM micrograph, i.e., a tile from which the large SEM images of specimen sections
were composed.

3.3. Deep Learning

Identification of the α′-martensite in the SEM micrographs in the section maps shown
in Figure 5 by a simple thresholding is not possible due to the inhomogeneous illumination
and the presence of impurities on the surface. Therefore, we propose to use an extension
of the U-Net architecture [50] for the segmentation of α′-martensite in SEM micrographs
obtained automatically in the software MAPS (Figure 5). Convolutional neural networks
(CNN) have been broadly used for the image classification task, where the input dimension
reflects the shape of images and the number of outputs corresponds to the number of
predicted classes [51,52]. Long et al. [53] proposed a fully convolutional neural network that
takes an input of arbitrary size and produces a correspondingly sized output with efficient
inference and learning. This architecture can be used for image-to-image translation, where
the input is a microscopy image and the output is a mask of the same size. Each pixel
of this mask represents the occurrence probability of α′-martensite on the same position
in the input. The main idea in fully convolutional networks is to supplement a typical
contracting network by successive layers, where the pooling operators are replaced by
up-sampling operators. In the U-Net architecture, which stems from fully convolutional
networks, the up-sampling parts additionally have a large number of feature channels,
which allow the network to propagate contextual information to higher-resolution layers.
As a consequence, the expansive path is more or less symmetrical to the contracting path,
and yields a U-shaped architecture. The network does not have any fully connected layers
and only uses the valid part of each convolution, i.e., the segmentation mask only contains
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the pixels for which the full context is available in the input image. In the present work, the
original U-net architecture has been extended via a pre-trained image encoder based on
the ResNet model [54], which allows the network to better interpret the structures hidden
in the input images. We have also experimented with other architectures, such as feature
pyramid network (FPN) [55], LinkNet [56] and pyramid scene parsing (PSP)Net [57], and
made a brief comparison. The whole data set of the individual SEM micrographs consisted
of 796 tiles. From this data set, we have randomly picked 260 micrographs for which the
segmentation masks have been created manually. An example of the manual segmentation
of α′-martensite is shown in Figure 7. These 260 images have been randomly split to train
(230 images) and validate (30 images) the data sets. All encoders of the models used for the
experiments have been initialized with weights trained on the ImageNet data set [58] and
then fine-tuned for our train data set. We have implemented all experiments in PyTorch [59]
and optimized the models in 150 epochs against the Dice loss [60]. All results have been
compared in terms of IoU score [61]—see Table 1. IoU score, which stands for “Intersection
Over Union”, is a standard evaluation metric used for segmentation evaluation. It measures
the overlap of the predicted regions with the ground true regions as the proportion of their
intersection and union. The results for both specimen sections are shown in Figure 8.
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Figure 8. Montaged original SEM micrographs of the longitudinal (a) and transversal (c) specimen
section together with the corresponding montaged images of the result of the α′-martensite segmen-
tation (b,d), obtained using the deep learning method (green = austenite, red = α′-martensite phase).
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Table 1. Evaluation of various neural network architectures in terms of Dice loss and IoU score.

Model Best Validation Dice Loss Best Validation IoU Score

U-net with ResNet encoder 0.3639 0.5436
FPN 0.8619 0.1379

Link Net 0.3958 0.5258
PSP Net 0.5853 0.3471

The results of the α′-martensite segmentation using the deep learning method de-
scribed above are shown in Figure 9. The total analyzed area was about 8 mm2 in both
longitudinal and transversal specimen sections. The montaged images show extremely
precise maps of the α′-martensite distribution within the austenite matrix. The black color
represents the α′-martensite phase and the matrix forms a white background. It is clear
from both specimen sections that the α′-martensite is not distributed uniformly across the
specimen thickness. In agreement with our previous observations on the free surfaces of
fatigued specimens [41], the considerably higher content of α′-martensite in the bulk of
fatigued fine-grained 301LN steel during the early stage of cyclic straining is concentrated
in the middle of the sheet′s thickness. While α′-martensite particles outside the central
part of the specimen’s thickness are distributed more or less uniformly, a clear tendency
towards forming α′-martensite islands in the form of thin bands is apparent in the middle
of the specimen thickness. Quantitative analysis over the whole area of the specimens’
sections (see Table 2) shows a slightly higher amount of the α′-martensite phase in the
transversal section.
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Figure 9. Distribution of α′-martensite within the austenite matrix in (a) longitudinal and (b) transver-
sal sections of the gauge part of the flat specimen of the 301LN steel cyclically strained to the early
stage of fatigue life.

Table 2. Fraction of α′-martensite within the whole area of two sections across the gauge part of the
specimen of 301LN steel fatigued to the very early stage of fatigue life.

Section Analyzed Area (mm2) α′-Martensite Fraction

Longitudinal 7.97 0.931%
Transversal 7.97 1.298%
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In order to quantitatively assess the variations in α′-martensite content across the
sheet thickness, another methodology was applied to both specimen sections. As apparent
from Figure 10a,b the α′-martensite fraction was evaluated within a 500 µm-wide stripe
running through the specimen′s thickness (i.e., parallel to ND), which was furthermore
subdivided into 50 µm-thick slices. The results of the quantitative analysis of specimen
cross-sections presented in Figure 10c are consistent with our recent examinations using
optical microscopy (Nomarski contrast) and EBSD on free surfaces within the gauge part of
fatigued flat 301LN steel specimens, and they further support the suggested hypothesis on
the origin of the characteristic changes in the hysteresis loop shape during the early stage
of the cyclic straining of fine-grained 301LN steel [41].
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Figure 10. Methodology of quantitative evaluation of α′-martensite (black area) content across the
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plotted for both sections as a function of distance from the specimen surface (c).

4. Summary and Conclusions

A novel technique enabling fast mapping of the α′-martensite distribution with a
high spatial resolution and sensitivity within a large area of specimen sections has been
proposed. The technique is based on the acquisition of SEM micrographs obtained under
special conditions, where only the inelastic high-take-off angle BSEs are collected. These mi-
crographs are sensitive to the presence of structural defects, such as dislocations and lattice
distortion. The presence of α′-martensite particles in the austenite matrix is connected with
a volume expansion, which results in a discontinuity of crystal potential. The discontinuity
of crystal potential drastically increases the rate of electrons scattered by phonons. This
electron–phonon interaction leads to a large momentum transfer and the coherence of the
primary electron wave is reduced. It suppresses the transmission of the primary electrons
and increases their back-scattering coefficient. This phenomenon causes the presence of a
bright contrast around the α′-martensite phase, which allows the separation of this phase
from the austenite matrix in SEM micrographs created by the high-loss BSEs. The SEM tech-
nique is suitable for large-area mapping due to its fast data acquisition. The collection of
high-quality SEM micrographs takes only a few seconds. Moreover, the image acquisition
process can be automated by means of special software, such as MAPS in our case.
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In this work, the microstructure of fine-grained 301LN stainless steel cyclically strained
to the early stage of fatigue life was characterized in order to obtain precise data on
the destabilization of an originally fully austenitic structure and the distribution of α′-
martensite within the austenitic matrix. The microstructure measurements were performed
on two different sections within the gauge part of the flat dog-bone-shaped fatigued
specimens, namely, on a longitudinal section and a transverse section. The high-loss BSEs
micrographs were automatically collected from the whole specimen sections, and these
micrographs containing bright contrast around the α′-martensite phase were utilized as a
source for subsequent image processing using a deep learning method.

Various deep learning-based models were tested for image segmentation with re-
spect to the identification of α′-martensite particles in the SEM images of 301LN steel.
The best results measured by both Dice loss and IoU score were achieved by the U-Net
architecture, extended by the ResNet encoder. This method enabled the precise mapping
of the α′-martensite particles generated during cyclic straining over a large area with a
high-spatial resolution.
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