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Abstract
Extracting accurate volume fraction and size measurements of γ″ and γ′ precipitates in iron-based superalloys from micro-
graphs is challenging and conventionally involves manual image processing due to their smaller size, and similar crystal 
structures and chemistries. The co-precipitation of composite particles further complicates automated segmentation. In this 
work, different types of traditional machine learning approaches and a convolutional neural network (CNN) were compared 
to a non-machine learning approach, for the segmentation of the composite particles of γ″ and γ′ precipitates. The objec-
tive was to optimize metrics of segmentation accuracy and the required computational resources. The data set contains 47 
experimentally generated scanning electron micrographs of IN718 alloy samples, computationally increased to 188 images 
(900 × 900 px). All algorithms are containerized using singularity, publicly available, and can be modified without depend-
encies. The CNN and the random forest models achieve 95% and 94% accuracy, respectively, on the test images with better 
computational efficiency than the non-machine learning algorithm. The CNN tested accurately over a range of imaging 
conditions.
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Introduction

IN718, a nickel–iron-based superalloy, is an important can-
didate for additive manufacturing for both its weldability 
and high-temperature properties [1, 2]. The γ″  (Ni3Nb–D022 
crystal structure), and γ′  (Ni3Al,–L12 crystal structure) pre-
cipitate phases mainly contribute overall favorable high-tem-
perature properties [1]. The measurement of these individual 
microstructural features is important for implementation of 
process-structure-property models and calibration of pre-
cipitation simulation models that inform the optimization 
of processing routes [3–6]. Due to the nanoscale size, mor-
phology, and chemical similarities of phases, the quantita-
tive characterization of these precipitates is challenging and 
leads many studies to not include quantified values of the γ″ 
and γ′ strengthening precipitates [7–10]. Even CALPHAD-
based simulations for microstructure modeling require 
experimental calibration with precise measurement of the 

precipitate dimensions, volume fractions, and number densi-
ties for IN718 [11, 12]. The most cost-time effective experi-
mental methods of extracting the mentioned microstructure 
metrics has been manual segmentation of scanning elec-
tron microscopy (SEM) images [10, 13]. Other approaches 
include transmission electron microscopy (TEM) [8] and 
atom probe tomography, but due to the extensive sample 
preparation, these approaches have limited applicability for 
industrial environments [14].

The kinetics of the precipitates first result in formation 
of γ″, then γ′ precipitates in both the nickel matrix and at 
the matrix-γ″ interphase boundary to create both individual 
and composite particles, respectively [15]. Segmenting the 
composite particles to individual γʹ and γʺ is a challeng-
ing task when using standard image processing methods 
such as watershed, standard thresholding, etc., because the 
contours of visual objects intersecting with each other in 
an SEM micrograph contain insufficient visible geometri-
cal evidence. Gradient-based algorithms are incapable of 
producing accurate segmentation because a strong gra-
dient is not present; the large area fraction of composite 
particles produces a large variation in orientation, size, 
and shape of the objects, which leads to a more complex 
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segmentation problem. Therefore, this segmentation process 
previously involved manual segmentation based on human 
interpretation.

We recently implemented an image processing method 
using mathematical algorithms (non-machine learning) 
which achieves up to 94% accuracy compared to ground 
truth as determined by manual segmentation [16]. The 
approach was based on finding the edge points, assigning 
symmetrical points to the edge points in a given radius, and 
the classical ellipse fitting to estimate the missing part of the 
contours. The algorithm assumes edge contours form ellipti-
cal shapes and approximate shapes of partially overlapping 
objects are as ellipses. Therefore, the algorithm is not able 
to accurately capture cuboidal particle shapes when they 
grow and evolve. The development and implementation of 
non-machine learning algorithms is a challenging task for 
those in the non-computer science disciplines because they 
require extensive knowledge of mathematics and computer 
science [17]. In addition, most existing mathematical algo-
rithms are not compatible with graphics processing units 
(GPU). Therefore, even though a central processing unit 
(CPU) in high-performance computing (HPC) cluster can 
be used to run the algorithm, accelerating the running time 
with the advantage of GPU infrastructure is a difficult task. 
In comparison, convolution neural network (CNN) learning 
approaches can be trained using HPC infrastructures with 
GPU capabilities; once trained the algorithms can be run on 
CPU architecture. This makes open-source, trained CNN 
algorithms valuable for industrial applications.

In computer vision, due to rapid development of the eco-
system for machine learning and the complexity of math-
ematical-based algorithms, machine-learning approaches 
have rapidly become a potential solution for classification 
problems in scientific images [18, 19]. Random forest (RF) 
and support vector machine (SVM) are two traditional super-
vised machine learning algorithms that have been used for 
both classification and the regression problems [20]. Both 
of these approaches are suited for small, sparse data sets that 
emerge in microstructural analysis problems unsuitable for 
deep neural network approaches.

RF generates a collection of decision trees (a forest), a 
graphically represented model, that can be used to classify 
data sets effectively [21]. The primary disadvantage of 
individual decision trees is overfitting, which is prevented 
by using multiple collections of random decision trees. 
These multiple decision trees are generated using boot-
strapped datasets and a randomly picked subset of features. 
The features for the root node of each tree are selected 
using Gini impurity criterion [22]. RF classifies the input 
values based on the majority vote given by all the decision 
trees in the collection. The SVM is based on the minimi-
zation of the loss function and the principle from unseen 
patterns [23]. SVM finds the hyperplane that partitions and 

draws a margin between the classes based on the distance 
values. The input data can be classified by selecting the 
relevant hyperlanes found by the SVM approach. Two of 
the disadvantages of these traditional machine learning 
models are manual feature extraction and that the images 
are not directly taken as input. Additionally, overfitting 
can occur in the traditional machine learning models [24].

CNN is a deep neural network approach that is specifi-
cally designed for image and video classification [25]. The 
U-Net is a CNN designed for pixel-wise image segmenta-
tion that consists of a down-sampling (encoding) path and 
an up-sampling (decoding) path to reconstruct the origi-
nal image [26]. U-Net architecture allows for training of 
extremely deep networks and has shown reasonable results 
nearly all the time for image classification problems. In 
CNN, transfer learning which is the capability of a model 
to recognize and employ the knowledge learned from a 
previous domain to a new domain can be used, and is con-
sidered to be a robust technique for building and training 
architectures faster than developing the network from the 
scratch [27]. In transfer learning, the final layers of the 
pre-trained model’s architecture are modified accordingly 
along with the fine-tuning for the certain problem [27]. 
Hence, the same CNN-based approach can be applied to 
many different applications with slight modifications [27]. 
Another advantage of CNN over RF and SVN is that CNN 
does not require manual feature extraction; it has the abil-
ity to deduce the features and is optimally tuned for the 
desired outcome.

The disadvantage of using either traditional machine 
learning algorithms (RF and SVM) or CNN instead of the 
mathematical, non-machine, learning image processing 
algorithm is the need for large quantities of “ground truth” 
manually labeled training data. The CNN approach requires 
more data than the traditional machine learning approaches 
to obtain accuracy and prevent model overfitting [28]. Data 
augmentation is a simple, but powerful tool that can be used 
to avoid overfitting the data. There are a variety of accepted 
methods of computationally augmenting existing data to 
increase the amount of training data [29].

In this work, we have compared the previously validated 
mathematical algorithm [16] with traditional (RF and SVM) 
and novel (CNN with U-Net architecture) machine learn-
ing approaches to segment the composite particles in SEM 
images of IN718. The different methods of computing-con-
tainerizing and possible usage of GPUs have been applied 
to each of the approaches in order to compare the resource 
allocation and the time effectiveness. Comparison of the 
optimization and satisfaction metrics gives the option to 
choose the best approach that can be applied to each spe-
cific problem accordingly, based on the hypothesis that the 
presented approaches can be generalized, and thus applied 
to a variety of segmentation in micrographs.
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Experimental

IN718Net Dataset

The SEM micrographs in IN718Net were acquired at the 
NASA Glenn Research Center and the representative sam-
ple preparation and imaging conditions are presented in 
T.M. Smith et al. [16]. The dataset consists of 47 unique 
900 × 900 px micrographs acquired from additively manu-
factured IN718 samples. The pixels in the original image 
(Fig.  1a A low-kV, secondary electron detector, SEM 
micrograph of etched surface of superalloy IN718, and a 
(b) labeled image with three classes (γ″: brown, γ′: light 
blue, and background blue).) were manually labeled into 
three classes (γ″: brown, γ′: light blue and matrix: blue) 
(Fig.  1a A low-kV, secondary electron detector, SEM 
micrograph of etched surface of superalloy IN718, and a 
(b) labeled image with three classes (γ″: brown, γ′: light 
blue, and background blue). for the training of the machine 
learning models. All the training and labeled images were 
preprocessed to the same size and shape to speed up the 
training process. Default center cropping has been used 
for resizing, which grabs the center area of the image 
and resizes it to a given value. During preprocessing, the 
input pixel intensities were normalized by converting to 
a tensor with a mean of zero and a standard deviation of 
one, speeding up training of the deep learning model. A 
standard data augmentation method of symmetric flipping 
was used to increase the number of micrographs. Each 
image was flipped horizontally, vertically, and a combina-
tion of the two. Therefore, the 47 of experimentally gener-
ated 900 × 900 px SEM images were increased up to 188 
images by using data augmentation.

Mathematical Image Processing (Non‑ machine 
Learning Approach)

The algorithm, based on the approach of Zafari et al. [30], 
automates the identification and segmentation of circular γ′ 
and elliptical γ’’ phases from grayscale images, including 
segmentation of partially overlapping γ′ and γ″ co-precipi-
tates. The algorithm is written in Python (v3.6) using stand-
ard NumPy, Matplotlib, Skimage, OpenCV, Pylab, Math, 
and Scipy libraries. Since this is not a machine learning 
approach, it does not require a labeled “ground truth” train-
ing dataset. The five major algorithm steps are described 
briefly below and the detailed explanation and the results 
are presented in Smith et al. [16].

Step 1: Preprocessing The SEM image was converted to 
a grayscale and then to a binary image using Otsu thresh-
olding. Objects smaller than 9 pixels are removed using 
a denoising filter. Then, an erosion filter was applied to 
shrink the bright (precipitate) regions and enlarge the dark 
(matrix) region, which helps to increase the separability of 
co-precipitates.

Step 2: Seed and Edge Points Extraction Edge points were 
detected by using the Canny edge detector. The average geo-
metric central seed points of the objects were detected using 
fast radial symmetry transform (FRS) [31].

Step 3: Assign Edge Points to Seed Points Each group of 
adjacent edge-points (contour) was assigned to a seed-point 
based on highest relevance. The edge-to-seed point corre-
lation combines the distance and the divergence index to 
assign edge pixel points to the seed pixels.

Fig. 1  a A low-kV, second-
ary electron detector, SEM 
micrograph of etched surface 
of superalloy IN718, and a b 
labeled image with three classes 
(γ″: brown, γ′:light blue, and 
background blue)
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Step 4: Ellipse Fitting Classical ellipse fitting approach was 
used to estimate the missing contours of co-precipitates from 
the partially observed ellipse-shape objects. If the angle 
between the long axes of the overlapping ellipses is ≤ 15º, 
the algorithm considers the overlapping ellipses to be one 
particle.

Step 5: Separate γʹ and γʺ The γ′ precipitates were then dif-
ferentiated from the γ″ precipitates based on the 2.25 cut-
off aspect ratio determined by using STEM/EDS [16]. The 
algorithm chooses the γ″ over the γ′ whenever their contours 
overlap based on assumptions of the precipitate kinetics.

Traditional Machine Learning Approach

Random Forest (RF) and Support Vector Machine (SVM) 
traditional supervised machine learning algorithms were 
implemented using the OpenCV and scikit-image libraries in 
Python [32, 33]. After removing the noise from the images, 
52 different (statistical, textural, gradient, context, projec-
tions) extractors that are commonly used in scientific image 
segmentation were ingested to the RF and SVM classifiers 
to assess important features [34–36]. In particular, Harris 
corner detector [37], Oriented FAST and Rotated BRIEF 
(ORB) [38], Gabor, Canny, Roberts, Sobel, Scharr, Prewitt, 
Gaussian, Median, Variance filters, etc., were used [39]. 
Some of the extracted features are shown in Fig. 2. Original 
pixel values and some of the features extracted by Canny, 
Sobel, Gaussian, Gabor, Variance, and Median filter.

The extraction of important features and the hyperparam-
eter optimization were done for the RF and SVM classifiers 
by using a subset of IN718Net (10 images). Only the features 
that are informative for classifiers were selected by gener-
ating a map of importance using the feature_importances 
library [40]. Thirteen informative features of the fifty two 
were identified, and their importance to the classifier are 
mapped in Fig. 3. Area map of the rank-order importance 
of different feature extractors used for classifiers. Only the 
thirteen extractor methods shown, of the fifty two attempted 
methods result in features of importance for IN718 micro-
graphs. It can be seen in the features map that the Gabor 
filter with different parameter values (gamma, theta, lambda) 
[35] which generates various frequency and orientation 

representations, provides the highest degree of classifier 
information. Linear smoothing filters such as Gaussian 
and Median also contributed information to the classifiers. 
The different types of edge detectors such as Sobel, Canny, 
Scharr, Roberts, Prewitt [41] that identify and highlight gra-
dient edges were also informative. The Harris filter extracts 
corners and infer features of an image has also provided a 
significant amount of information for the classifiers. The 
classifiers also have used information extracted from Ori-
ented FAST and Rotated BRIEF (ORB) [38].

The RF and SVN model parameters were randomly sam-
pled from the distribution of possible parameter values, 
using a randomized optimization search over hyperparame-
ters implemented by the RandomizedSearchCV library [42]. 
The hyperparameters selected are listed in Table 1. Listed 
are the optimized hyperparameters chosen by randomized 
optimization search for RF (left) and SVM (right) that give 
the best accuracies. It is not the intention of this work to 
explain these parameters, and details can be found in the 
literature [21, 23].

After the selection of important features and the opti-
mization of the hyperparameters, the RF and SVN mod-
els were trained from a larger set of IN718Net. This two-
step training approach makes the process faster than trial 
and error method or feature selection and hyperparameter 

Fig. 2  Original pixel values and some of the features extracted by Canny, Sobel, Gaussian, Gabor, Variance, and Median filter

Fig. 3  Area map of the rank-order importance of different feature 
extractors used for classifiers. Only the thirteen extractor methods 
shown, of the fifty two attempted methods result in features of impor-
tance for IN718 micrographs
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optimization with the entire dataset. The steps of models 
training are shown in Fig. 4. The pipeline of model training 
for the entire dataset followed by hyperparameter optimiza-
tion and important feature selection. The arrow represents 
the process of using the chosen parameters and features for 
the final model training with the entire dataset A hundred 
and sixty, randomly selected, SEM images and their “ground 
truth” labels were used for final model training and twenty 
eight images from IN718Net were used for the testing and 
validation.

Convolution Neural Network

The CNN used the U-net structure with a modified, pre-
trained, residual, 50 layer deep, network (ResNet-50) [43]. 
The ResNet architecture includes residual blocks (shown 
in Fig. 5a Schematic representation of the residual block 
that may contain different combinations of layers with 
the identity connection that is shown in the red arrow. (b) 
Schematic representation of the neural network that 0.2 
percent of activations were removed (represented in red 
color).) that diminish the gradient vanishing problem and 
the issue of degradation of deep networks by introducing 
the identity connection. The modified ResNet-50 model 
includes groups of convolution, batch-norm, maxpooling, 

identity block and the newly added final layers [43]. The 
entire architecture was developed using the Fastai [44] and 
standard Python libraries. Initially, a smaller pretrained 
ResNet-34 was utilized to train the newly added final lay-
ers before proceeding to training the larger ResNet-50 
architecture. This stepwise training is an efficient method 
to increase the model accuracy and use less memory in 
the training phase.

Regularization

Weight decay (L2 regularization) [45] and dropout [46] 
regularization techniques were iteratively used to solve 
the problem of high variance that causes model overfit-
ting. The weight decay technique modifies the cost func-
tion using the constant times the sum of the square of the 
weight parameters as shown in Eq. 1.

Table 1  Listed are the optimized hyperparameters chosen by rand-
omized optimization search for RF (left) and SVM (right) that give 
the best accuracies

Random forest Support vector machine

Number of trees 250 Regularization parameter 1.0

Max features Auto Kernel rbf
Max depth None Gamma Scale
Minimum sample split 2 Max iterations –1
Minimum sample leaf 1 Decision function shape ovr
Bootstrap True

Fig. 4  The pipeline of model training for the entire dataset followed by hyperparameter optimization and important feature selection. The arrow 
represents the process of using the chosen parameters and features for the final model training with the entire dataset

Fig. 5  a Schematic representation of the residual block that may con-
tain different combinations of layers with the identity connection that 
is shown in the red arrow. b Schematic representation of the neural 
network that 0.2 percent of activations were removed (represented in 
red color)
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where L is the modified lost function which is a function of 
weights (w) and biases (b), m is the number of samples, and 
λ is the weight decay constant. Previous studies have shown 
that λ of 0.1 is one of the optimal values [47], which was 
used for this work. In dropout, a percentage of the activa-
tions in the hidden layers (not the weights or parameters) 
are removed, a dropout of 0.2 was used for this work and is 
shown schematically in Fig. 5a Schematic representation of 
the residual block that may contain different combinations 
of layers with the identity connection that is shown in the red 
arrow. (b) Schematic representation of the neural network 
that 0.2 percent of activations were removed (represented 
in red color)..

Cross Entropy Loss

The normalized cross entropy loss function was employed 
(Eq. 2) for model training [48]. This is optimized in a way 
that correct predictions have a smaller probability of loss 
and the wrong predictions should have a higher probability 
of loss. The softmax activation [49] function was included 
in the final layer of the model architecture for compatibility 
with the cross entropy loss function.

where ŷ is the predicted probability vector from the softmax 
function and y is the ground-truth vector.

Adaptive Moment Estimation

Adaptive moment estimation (Adam) is the optimizer that 
iteratively updates the weights and biases of the CNN based 
on training data [50] using the momentum and root mean 
square propagation (RMSProp) [51]. Adam calculates the 
exponentially weighted average and weighted average of 
squares of past gradients of weights with the bias correc-
tion and includes the weight update formulas accompanied 
with �1 and �2 constants. In the CNN, standard values of 0.9 
and 0.999 were used for �1 and �2 constants, respectively.

CNN Model Training

The schematic representative of the implemented model is 
shown in Fig. 6. Schematic representation of the encoder 
that shows the resizing layers, the layers of the pretrained 
model, and newly added layers.. The first layer resizes the 
image to be compatible with the pretrained model, then are 
the layers of the pretrained models (Resnet-34 or Resnet-50), 

(1)L(w, b) = Normalized lost unction +
�

m
w2,w2 = wTw

(2)H(y, ŷ) = −
∑

i

yi loge
(

�yi
)

and finally, the newly added layers for this particular image 
segmentation application.

The model training follows through recursive steps to 
achieve the optimal hyperparameter values. The model train-
ing steps in CNN approach can be summarized into four 
major steps.

Step 1 The layers of the pretrained model (RES-net 34) were 
frozen and only the newly added layers (weights with a Rec-
tified Linear Unit (ReLU) activation) [52] were trained until 
the best accuracy was reached. To find the best learning rate 
parameter for new layers, the learning rate finder was per-
formed and generated the values of loss function against the 
learning rate graph for mini batches (4 images) as shown 
in Fig. 7a Loss against the learning rate. The model was 
trained with the range of learning rate highlighted in the red 
rectangle with the steepest slope region and (b) comparing 
the accuracy to select the optimized learning rate. The range 
of learning rate values at the steepest slope, as indicated by 
box in Fig. 7a Loss against the learning rate. The model was 
trained with the range of learning rate highlighted in the red 
rectangle with the steepest slope region and (b) compar-
ing the accuracy to select the optimized learning rate, was 
used to train the model and to compare accuracy (shown in 
Fig. 7a Loss against the learning rate. The model was trained 
with the range of learning rate highlighted in the red rec-
tangle with the steepest slope region and (b) comparing the 
accuracy to select the optimized learning rateb). The learn-
ing rate of  5e−4 that yielded the highest accuracy was chosen 
to train the added layers. Initially, the model was trained with 
a smaller image size of 300 × 300 px (by using default center 
cropping) for the first cycle of training, whereas the full size 
images (900 × 900 px) were used for the final training. Start-
ing with smaller images and increasing the size for the final 

Fig. 6  Schematic representation of the encoder that shows the resiz-
ing layers, the layers of the pretrained model, and newly added layers
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cycles of training (progressive resizing) is a technique for 
robust model training [53]. The model achieved 90.2% of 
accuracy as shown in Fig. 8a.

Step 2 The entire model was unfrozen and trained with dis-
criminative learning rates again with smaller image size of 
300 × 300 px (by using default center cropping), which set 
a gradient of learning rates along all the layers in the net-
work [54]. The layers of the pre-trained model that were well 
optimized for detecting the primary features were trained 
with a smaller learning rate  (5e−5). The newly added layers, 
as indicated in Fig. 8. The number of epochs, divisions in 
time, against the accuracy (a) for the step 1 training of the 
newly added layers and (b) the step 2 training of all the lay-
ers including the newly added layers, require more optimiza-
tion than the layers in the pretrained model and were thus 
trained with a greater learning rate  (5e−4), as determined in 
step 1. Applying discriminative learning rates accelerates the 
model training and also helps to tune hyperparameters [55]. 
The accuracy of the model improved to 92.1% as shown in 
Fig. 8. The number of epochs, divisions in time, against the 

accuracy (a) for the step 1 training of the newly added lay-
ers and (b) the step 2 training of all the layers including the 
newly added layersb.

Step 3 The trained model was loaded to the GPU and trained 
further with the larger images (900 × 900 px). The accuracy 
has been raised to 93.4%.

Step 4 The model was trained with the larger RES-net 
50 architecture, number of parameters of Resnet-34 and 
Resnet-50 shown in Table 2. Total number of parameters 

Fig. 7  a Loss against the learning rate. The model was trained with the range of learning rate highlighted in the red rectangle with the steepest 
slope region and b comparing the accuracy to select the optimized learning rate

Fig. 8  The number of epochs, divisions in time, against the accuracy; a for the step 1 training of the newly added layers and b the step 2 training 
of all the layers including the newly added layers

Table 2  Total number of parameters of the Resnet-34 (left) and 
Resnet-50 (right) models

Resnet-34 Resnet-50

Total parameters 41, 221, 268 339, 070, 292
Total trainable parameters 19, 953, 620 315, 615, 380
Total non-trainable parameters 21, 267, 648 23, 454, 912
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of the Resnet-34 (left) and Resnet-50 (right) models. The 
accuracy of the final model was 95%.

Accuracy Metrics of the Test Images

The accuracy scores were calculated using the set of test 
images from IN718Net; these images were not used to train 
the models. The optimizing metric of accuracy of the four 
approaches (Mathematical, RF, SVN, CNN) were evaluated 
by comparing the percentage of correctly predicted pixel 
values and the ground truth pixel values using the following 
equation (Eq. 3).

Computer Resources Optimization

The High Performance Cluster (HPC) Environment at 
CWRU was used for this work. A load-balancing router 
which distributes sessions across login nodes connects the 
workstations to the HPC and three login nodes work as 
gateways to the cluster. The HPC system contains over 200 
compute nodes and 4000 compute cores. All the nodes are 
equipped with Intel Xeon × 86 64 @ 2.10 GHz processors. 
Both the mathematical algorithm (non-machine learning) 
and traditional machine learning (RF and SVM) classifiers 
were run on 2 processors of Xeon phi 5110 and 12 cores 
with the 32 GB of memory in a high performance comput-
ing cluster due to their incompatibility with the GPUs. CNN 
model was trained on the 16 Gb Memory, 4 CPU and GPU 
Nvidia v100.

(3)Accuracy =
Correctly predicted pixels

Total number of pixels

The Singularity, an open-source cross-platform container 
solution that resolves the issue of system dependencies, was 
employed to facilitate the reproducibility of the scientific 
computing and high-performance computing [56]. The runt-
ime environment and system dependencies can be defined 
for the implemented singularity container image and the 
containers can be executed on any singularity installed hosts 
without reinstalling the required software packages and sys-
tem dependencies. The representation of computer hardware 
and software infrastructure that the models were built on 
is shown in Fig. 9. Hardware and software infrastructure 
that was used to implement the containerized solutions for 
computer vision models.

Results and Discussion

Mathematical Image Processing Algorithm

The running time of the algorithm was 67 s, and achieved 
94% accurate predictions. Figure 10 represents the visual 
results from the non-machine learning algorithm compared 
with the ground truth (labeled by hand). The main reason 
for the discrepancy between the predicted and ground truth 
is caused by the algorithm assumption of predefined shapes 
(ellipse and circle). Thus, it is not able to accurately predict 
the rare, complex-shaped, γʹ and γʺ precipitates as shown in 
numbered particles in Fig. 10.

Traditional‑Machine Learning Models

The running time and corresponding accuracy scores of 
RF and SVM models are 4 s and 94%, and 128 s and 91%, 

Fig. 9  Hardware and software 
infrastructure that was used to 
implement the containerized 
solutions for computer vision 
models
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respectively. The examples of predicted images from RF and 
SVM models are shown in Fig. 11. The comparison of the 
RF and SVM predicted output images with the ground truth 
image indicates oddly shaped anomalies that are inconsistent 
with precipitate kinetics. The segmented layer is translucent 
and stacked on the original images. In both cases, the models 
mislabel pixels that result in the formation of precipitates 
that are inconsistent with precipitation kinetics (i.e. γ′ par-
ticles inside the γ″ particles). The discrepancy between the 
ground truth and the predictions is caused by the nature of 
the extracted features and classifiers. The SVM classifier 
requires longer running time, as it is trained using the dual 
objective. Therefore, with N examples, the matrix contains 
 N2 elements [23].

Convolution Neural Network

The comparison between the ground truth and predicted 
images is shown in Fig. 12. This compares the ground truth 
(left) and the CNN prediction (right). The numbers compare 

the interpretations, which are consistent with physics and 
are equally likely solutions without additional chemical 
information. The segmented layer is translucent and stacked 
on the original images.The running time for the prediction 
was one second, and the accuracy was 95%. The numbered 
cases compared between the ground truth and the predicted 
in Fig. 12. This compares the ground truth (left) and the 
CNN prediction (right). The numbers compare the interpre-
tations, which are consistent with physics and are equally 
likely solutions without additional chemical information. 
The segmented layer is translucent and stacked on the origi-
nal images, indicating that the accuracy of the CNN might 
arise from human bias in the ground truth. In the ground 
truth in Fig. 12, the area of the γʺ particle at location 1 was 
over labeled. At location 2 in the ground truth, the particle 
is separated into two pairs of γʹ and γʺ particles, whereas 
the CNN labeled them as a single γʺ particle. The CNN 
prediction seems more probable because of the human bias 
in the ground truth image. At number 3, over-labeling results 
in the ground truth identifying two γʺ particles. The CNN 

Fig. 10  Visual representation of 
ground truth vs. the predicted 
image. The numbers indicate 
the over labeled particles due 
to the predefined shapes in 
predicted image compared to 
the ground truth image. The 
segmented layer is translucent 
and stacked on the original 
images

Fig. 11  The comparison of the RF and SVM predicted output images with the ground truth image indicates oddly shaped anomalies that are 
inconsistent with precipitate kinetics. The segmented layer is translucent and stacked on the original images
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predicted them as a one single γʹ and γʺ instead of two γʺ 
particles. At number 4, the two γʹ particles are connected in 
the ground truth image, but they are separated in the predic-
tion image. At numbers 5 and 6 the prediction image misla-
beled γʺ inside a γʹ particle. The variations in predicted par-
ticles is within the error that might be expected if comparing 
ground truth interpretations from two different researchers.

SEM images can be acquired with varying brightness, 
contrast, and resolution conditions. Therefore, to assess the 
efficacy of the CNN model predictions when subjected to 
variations in these conditions, the CNN model was subse-
quently tested with images from IN718Net that were com-
putationally modified for different, independent, imaging 
conditions by using pillow 3.0 python package [57]. Three 
of the applied brightness, contrast and resolutions scales are 
shown in Fig. 13. Three relative scales of contrast, bright-
ness (0.1, 0.5, 0.9) and resolutions (9, 18, 72 pixels/inch) 
are presented. The bolded values are the inherent IN718Net 
image conditions.

As shown in Fig. 14a, the CNN model maintains 95% 
accuracy in predicting pixel phase identification with in the 
relative contrast range of 0.4–0.8 and brightness range of 
0.3–0.7. The accuracy decreases to 92% for the images with 
the relative maximum brightness and the minimum contrast 
due to vanishing image features. The model retains 95% 
accuracy for images with resolution as low as 36 pixels/inch, 
as shown in Fig. 14b, or close to a 50% reduction in resolu-
tion. At this magnification, a resolution of 36 pixels/inch 
is 1.41 pixels/nn. The accuracy of the model decreased to 
93.6% for the images with a very low resolution of 9 pixels/
inch. The average γʹ size was 35 nm in diameter and the γʺ 
long axis was 100 nm size were previously determined [16]. 
Therefore, we recommend an image resolution of at least 
24 pixels/ γʹ diameter for accurate CNN model predictions.

In general, the benefits and disadvantages of the different 
techniques are worth exploring so that one may decide the 

best model choice for future specific tasks. Table 3. Perfor-
mance summary of the four approaches listed in increasing 
accuracy rates shows the performance metrics of the different 
approaches with regard to processing time, but it neglects 
to account for the human set-up time of each approach. For 
example, it would be inconceivable to apply a “from-scratch” 
CNN solution when a researcher needs to quantify two or 
even ten micrographs; in this situation, manual interpreta-
tion, which can require hours of time, would be the most-time 
efficient option (Though now that these approaches are incor-
porated into a singularity, the next researcher could use this 
CNN). When the number of micrographs increases to 20 or 
30, the standard mathematical image processing techniques 
become a viable solution if issues like lighting variability 

Fig. 12  This compares the 
ground truth (left) and the CNN 
prediction (right). The numbers 
compare the interpretations, 
which are consistent with phys-
ics and are equally likely solu-
tions without additional chemi-
cal information. The segmented 
layer is translucent and stacked 
on the original images

Fig. 13  Three relative scales of contrast, brightness (0.1, 0.5, 0.9) and 
resolutions (9, 18, 72  pixels/inch) are presented. The bolded values 
are the inherent IN718Net image conditions
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and contrast can be controlled because the time needed to 
make an algorithm might balance the time needed to manu-
ally interpret the images. At 50 + micrographs, the compu-
tational time needed for the standard mathematical image 
processing technique become prohibitive for quality control 
applications (i.e., 50 image, 122 s/image, 1.7 h of compu-
tational time on an HPC). At this point, the CNN models 
can be trained with transfer learning approaches for different 
training sets and can be applied to similar problem domains 
(i.e., phase identification in grayscale SEM images). In the 
implementation phase, machine learning approaches are less 
challenging than the non-machine learning algorithm due to 
the fast developing ecosystem. The main advantage of the 
non-machine learning algorithms is that it does not require 
a large data set likely saving time and reducing the cost of 
collecting and manual labeling data.

Conclusion

In this work, we have presented four computer vision 
approaches, one based on conventional, mathematical, non-
machine learning algorithms and three based on machine 

learning approaches. The resulting algorithms result in up to 
95% accurately at segmenting phases in IN718 SEM images 
by using the IN718Net dataset. The CNN model was shown 
to have robust accuracy under a range of realistic variations 
in imaging parameters that might be observed. The usage 
of singularity containers presented here facilitates deploy-
ment of these models in different environments by avoiding 
the system dependencies. The comparison of optimizing 
and satisfying metric (Table 3) shows that the CNN and RF 
have similar accuracy with less running time than the non-
machine learning algorithm, but the interpretation of the 
micrographs indicates that RF predictions are inconsistent 
with the kinetics of precipitation. It can be concluded that 
the SVM is not the best classifier for this task because of the 
higher time consumption and lower accuracy.

Most of the python libraries that are used to develop non-
machine learning and traditional machine models are not 
compatible with graphical processing units (GPU) because 
this limits the speed of training and running of the algo-
rithms. The libraries that were used to implement CNN are 
compatible to run in GPUs. When we compare the accuracy, 
speed, hardware infrastructure and the developing ecosys-
tem, the CNN approach is the most promising solution for 
future scientific image analysis in IN718.
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Fig. 14  The graphs illustrate the accuracy of the CNN model at predicting pixel phases against the a relative scale of brightness and contrast and 
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Table 3  Performance summary of the four approaches listed in 
increasing accuracy rates

Approaches Compute Running time 
(seconds)

Accuracy (%)

SVM CPU 122 91
Non-machine learn-

ing algorithm
CPU 67 94

RF CPU 4 94
CNN GPU 1 95
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adaptation, distribution and reproduction in any medium or format, 
as long as you give appropriate credit to the original author(s) and the 
source, provide a link to the Creative Commons licence, and indicate 
if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless 
indicated otherwise in a credit line to the material. If material is not 
included in the article’s Creative Commons licence and your intended 
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