sigit nurgoroh

by dts digital

Submission date: 04-Nov-2024 12:02PM (UTC+0700)
Submission ID: 2507587286

File name: 8938-24081-1-RV.docx (220.57K)

Word count: 4351

Character count: 24419



JIKO (Jurnal Informatika dan Komputer) Accredited KEMENDIKBUD RISTEK, No.105/E/KPT/2022
Vol. x, No. x, April 2024, pp. x-x p-ISSN: 2614-8897

DOTI: 10.33387/jiko e-ISSN: 2656-1948

SPERM ABNORMALITY CLASSIFICATION USING MULTI-PURPOSE IMAGE
EMBEDDING AND CLASSICAL MACHINE LEARNING

Sigit Adinugroho', Yuita Arum Sari?, Wijaya Kurniawan *, Achmad Arwan*
1-234Faculty of Computer Science, Brawijaya University, Malang, INDONIEA
“Email: 'sigit.adinu@ub.ac.id, *yuita@ub.ac.id, *wjaykurnia@ub.ac.id *arwan@ub.ac.id (10pt)

(Received: dd mmm yyyy, Revised: dd mmm yyyy, Accepted: dd mmm yyyy)
Abstract (10pt)

Since sperm cells have big impact for the human welfare in terms of reproduction, there are many studies have
been done. In this case, we are attracted to enrich the method in determining the morphological properties of them
using machine learning. Most study about it is done using 2-steps action that are feature extraction which is
continued by classification. In our work, we aimed to lower the complexity by using image embedding as a general-
purpose feature extractor that requires no training. For feature extraction using image, it is found that RGB has
better performance compared gdrayscale if we want (o use Support Vector Machine (SVM). Meanwhile, when a
comparation is done between SVM, random forest, Multi Layer Perceptron (MLP), Naive Bayes, and k-Nearest
Neighbour (kNN) for classification process, MLP shows the best performance among them which is around 85%.
Moreover, our proposed method has low complexity in such a way that it requires low training time.
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1 INTRODUCTION

The shape of sperm cells has an impact to the
fertility of human. Several studies have been
conducted to observe the phenomenon. It is found that
sperm defects were more commonly found in infertile
men [1]. Similar study also suggested that sperm from
fertile men contained more normal sperm (sperm
without any defect) compared to those of infertile men
[2]. Therefore, morphology property of sperm plays
important role in estimating the success of assisted
reproduction [3], [4]. Similarly, in vivo conditions,
higher pregnancy rate is expected when the sperm had
good morphology. In addition, good morphology also
correlated with shorter time to pregnancy in a natural
cond@Efion [5].

According to World Health Organization (WHO)
standard [6], sperm morphology is assessed by human
in a laboratory using a light microscope with
magnification of x1000. The technician needs to assess
at least 200 spermatozoa and classifies them according
to their shape. However, human-based estimation
poses a risk of inconsistency. A study conducted in
Australia revealed a varlability in morphology

estimation between laboratories [7]. A similar pattern
was also found in Italy [8], Belgium [9], and Spain
[101].

The reproducibility limitation of manual sperm
assessment leads to the development of an automated
one, commonly referred as Computer Aided Semen
Analysis (CASA). In general, a CASA system consists
of three components: a camera, microscope, and image
processing system [11]. Currently, CASA systems
have been deployed in many labs around the world.
The benefits of CASA systems are reduced
subjectivity and human error [12], the ability to
process more sample, reducing analysis time, and
increasing productivity [13].

Several methods have been developed to estimate
morphology properties of sperm cells. Yiizkat et al.
[14] aggregated the result of six Convolutional Neural
Network (CNN) models using two fusion technics. A
similar ensembled approach was also conducted by
combining four CNNs (VGG16, VGGI19, ResNet34,
and DenseNet-161) with a meta classifier [15]. Yang
et al. [16] implemented BlendMask framework for
extracting individual cell, then used SegNet to
segment a cell into head, midpiece, and principal piece




comments. A classification was then performed by
EfficientNet based on the sperm components.
Similarly, U-Net was adopted to segment a
spermatozoa into head neck, and tail [17]. However,
no classification was performed to estimate the
morphology. A VGG-like network was proposed to
perform morphology classification [18], [19].

Most methods for morphology determination
involved deep neural networks (DNN), especially
CNN;s to perform the task due to their effectiveness to
extract features from images. The training procedure
was completed either from scratch or using transfer
learning. The former uses specific sperm-related
dataset to train a randomly initiated network [14],[17]
while the latter takes benefit of pre-trained network
using generic dataset such as ImageNet and retrained
using subject-specific dataset [15], [19].

Although CNN have good performance in general
use case, including in sperm image classification, it
requires a lot of time for training due its massive
number of parameters to be trained. An experiment
mentioned that retraining process in a transfer learning
approach took around 30 minutes and 2 hours per fold
for dataset consisting of 216 and 1132 images,
respectively [19]. In general, a more complicated
architecture such as ensembled models demands more
training time.

In practice, it is not always necessary to train a
CNN on a specific set of images that are very similar
to the test set. It is sufficient to train on large data set
with  wide variation to achieve comparable
performance [20]. This concept leads to the
development of image embedding that uses pretrained
CNN on large dataset such as ImageNet as feature
extractor [21]. It works by trimming the final classifier
network of a CNN so that it produces a fixed length of
vector that acts as a feature for further processing. The
use of image embedding and various machine learning
algorithms has been studied and work well in several
areas, such as image clustering [22], medical image
classification [23], and remote sensing image
classification [24].

This study aims to identify morphology type of a
sperm cell using image embedding as a [ZEfture
extractor to reduce training time. We compare various
machine learning algorithms for classification to
identify the performance of each algorithm for this
specific case. Last, we also compare the performance
of our approach with similar methods.

2 RESEARCH METHOD

2.1  Overview of the methods

Our proposed method consisted of two main
parts: the feature extractor and classifier. The feature
extractor part received RGB image and emits feature
vector at a certain length. The other part, classifier
mapped the feature vector into one of categories that
defines the condition of a sperm cell: abnormal,
normal, and non-sperm. The feature extractor was
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implemented using image embedding, while the
classifier made use of classic machine learning
algorithms for faster training time.

22  Image Embedding

Image embedding attempts to transform pixel
representation of an image into a feature vector.
Ideally, the vector captures the visual characteristics
and semantics of the image. The basic mechanism to
build image embedding involves deep learning
technique, such as CNNs [25].

In a general scenario, image embedding model
was built by training a CNN model in classification
tasks. Any CNN model can be used as feature extractor
in image embedding, such as VGG, ResNet, Inception,
and SqueezeNet. After training is completed, the
output layer is truncated and activations from
preceding li are extracted, normalized, and
concatenated to form a feature vector. The resulting
vector is immune to image transformation, brightne ss
variation, and noise [26]. Therefore, it is an ideal input
for various machine learning method.

SqueezeNet [27] is a CNN model that aims to
provide high accuracy with m‘min‘n parameters. It
applies a fire module consisting of Ix1 and 3x3
convolution filters to reduce the number of pill‘ill‘l’lal's.
The architecture comprises of a convolutional layer
followed by 8 fire module and a final convolutional
layer. By doing so, it can achieve comparable
performance to the AlexNet with 50x fewer
parameters. Table 1 compares the performance and
parameters of several CNN models [28]. Tt is evident
that SqueezeNet has much fewer parameters than other
competitors with comparable performance. Therefore,
it i1s an excellent option for building an image
embedding.

Table 1. Comparison Of Parameters and Performance Of Several
CNN Architectures

Maodel Number of Top-3 Accuracy
Parameters on ImageNet

VGG 16 138M 8O.8%

VGG 19 143M 89.8%

ResNet 18 11.7M 89.45%

ResNet 34 21.8M 91.4%

Inception V3 23 8M 93.9%
SqueezeNet 32M 88.20%

2.3 Classification Algorithms

In machine learning, classification aims to assign
a category to a data point in mutually exhaustive and
mutually exclusive manner. Several algorithms are
suitable for classifying feature vectors from image
embedding into one available class in sperm defects
categories.




a.  Support Vector Machine (SVM)

SVM tries to build hyperplane that maximally
separates datapoint according to their class labels, thus
it is usually referred as maximum margin classifier
[29]. In binary classification, given training pairs
{x, v}t where x; € RV and y; € {-1,1}, SVM
solves the Formula 1

min (> |lwl? + c S} t} )

SVM uses kernel trick to transform the data from
their original space into higher dimensional one.
Occasionally, the data is not linearly separable.
Therefore, mapping to higher dimensional space may
find linearly separable hyperplane. Several popular
kernels are: linear, polynomial, sigmoid, gaussian
radial basis function, and randomized blocks analysis
of variance [30].

Original SVM is only able to perform binary
classification with only two classes. Extension to the
classic algorithm was made by introducing strategies
such as one-against-all, one-against-one, and
multiclassification objective functions.

b. andom Forest

Random forest classifier 1s a collection of
decision tree classifier that perform majority vote for
the output for each individual tree. Each tree is
populated from data randomly selected from training
data using bagging technique. The feature is also
carafuly selected using technique such as Infromation
Gain Ratio criterion or Gini Index [31].

The ramd('()rest tree is grown by first selecting
a sample from the training data. Then, a decision tree
15 built from the sample data by repeatedly selecting a
number of features from the sample, selecting the best
split, and split the node into two branches. These steps
are repeated until an interation threshold is reached
[32].

¢. Naive Bayes

Naive Bayes classifier uses the basic principle of
Bayes theorem [33]. For a datapoint x, the probability
of the data is assigned class k (C,) is expressed as:

P(Ch) PXICk)

Cylx) = ——= 2
p(Cylx) 200 (2)
In case of continuous data, the likelithood i1s assumed
to have normal distribution. Thus, the likelihood is
calculated using Formula 3

P (3)

The class of a datapoint is determined by the maximum
posterior, as in Formula 4.
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¥ = argmax p(Cp) [1i, p(xil Cr) 4
kE(,...K}

d. K-Nearest Neighbor (kNN)

Unlike other classifiers, kNN does not build a
model during its proces because it does not actually
have training process. kNN works under assumption
that the class of a datapoint is similar to that of data
around it, using a concept called neighborhood [34].
The neighborhood concept is based on distance
measure. The distance of two datapoints x and ¥ can
be calculated using several distance measures, such as
Euclidean, Manhattan, and Chebyshev, as stated in
Formula 5-7.

d(x,y) = B, (x; = y)? (5)
dx,y) = Xilx — yil (6)
d(x,y) = max(lx; — ) (7

kNN determines a category of a test diltil
discovering k nearest neighbor after calculating the
distance of thc data to each data in the training
data. The class is determined by the majority class of
the k nearest neighbors.

e.  Multi Layer Perceptron (MLP)

MLP is a tac of neural network consisting of
three or more layers. They are one mjut layer
responsible for handling the mput data, one or more
hidden layer, and an output layer that perform
calculation and non-linearization. The non-linear
computation is crcaltca)y an activation function [35].
An illustration of an MLP with one input layer for 4
features, one hidden layer with 2 neurons, and one
output layer with 3 output neurons is available in
Figure 1.

9
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Input layer

Hidden layer Output layer

Figure 1. Hlustration of an MLP network

24 K-Fold Cross Elidation

After training a model, it is important to measure
the generalization of the model, i.e. how it performs in




unseen kst data. Cross-validation is a well-known
method to assess the perf()rmarg of the model. In this
scenario, the overall dataset is split into two portions,
one of them is used for training while the rest is for
testirffFB6].

K-fold cross validation divides the dataset into &
al partitions. One portion is allocated for testing
while the others are for training. This process is
repeated k times and the performance of each iteration
is averaged.

2.5 Evaluation Metrics

Several measures exist to judge how well a
siﬁer works. Most common measures are
precision, recall, and F1 score. They are calculated by
comparing the output of the classifier to the actual
class. The comparison can be summarized in a matrix
called confusion matrix, as illustrated in Figure 2.

Predicted True Positive  False Positive
Positive (TP) (FP)
Predicted False Negative = True Negative
Negative (FN) (TN)

Figure 2. [llustration of Confusion Matnx

aBalsed on a confusion matrix, precision is defined
as ratio of predicted posita data that are acutally
positive while recall means ratio of povc data that
are correctly predicted as positive. Last, F1 score is the
weighted mean of precision and recall. Precision,
recall, accuracy, and F1 score are expressed in
Formula 8-11 [37].

.. TP
Precision = —— (8)
TP+FP
TP
Recall = —— (9)
TP+FN
TP+TN
Accuracy = ——— (109
TP+TN+FP+FN
2.Precision.Recall
Fl= Precision+Recall (] ])
26  Dataset

This rescarch employs Sperm Morfffllogy
Image Data Set (SMIDS) [38] containing 3000 images
of single sperm celith their associated morphology
type. There are three categories, normal sperm,
abnormal sperm, and non-sperm. Sample of the dataset
for each category is depicted in Figure 3. The
distribution of the image in each class considered
balance, as explained in Table 2.

(a) Normal

~

(b)abnormal (¢) Non-sperm
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Figure 3. Sample image for each cate gory

Table 2. Data distribution per class

Class Number of
data

Normal 1021

Abnormal 1005

Non-sperm 974

2.7  Experiment Setting

The proposed method is implemented using
Orange [39] datamining toolbox version 3.37.0. For
extracting features from image, image embedding
based on SqueezeNet is used. The network was trained
using ImageNet dataset. In order to have fair
evaluation, the training and testing scheme is set to 10-
fold cross validation. Hyperparameters for each
machine learning model are available in Table 3 -
Table 6.

Table 3. H:,'perparars for SVM.
Hyperparameter  Value

Cost 1.00
Epsilon 0.1
Kemel RBF
Iteration limit 100

Table 4. Hyperparameters for Random Forest.
Hyperparameter  Value
Number of rees 100
Min subset split 5

Table 5. Hyperparameters for MLP.
Hyperparameter  Value

Neurons in 128
hidden layer

Activation RelLu
Solver Adam
Max iteration 200

Table 6. Hy perparameters for kNN

Hyperparameter  Value
Number of 5

neighbors
Metric Euclidean
Weight Uniform

3 RESULTS AND DISCUSSION

3.1  Image Color Type

The first experiment was conducted to see if the
number of color channel affects the performance of the
classification algorithm. To do so, we train SVM
classifier on RGB and grayscale images and evaluate
the result using 10-fold cross validation.

Table 7 displays performance comparison of
SVM train on RGB imwilyscallc images. For all
evaluation metrics, it is shown that the use of RGB
images improve the performance of SVM classifiers.
However, the gain is not significant, just by a mere of
391%. It may be caused by the fact that the type of




defects in sperm cell can be sufficiently observed by
grayscale images. If an implementation needs higher
performance, using RGB images is recommended.
But, if speed is the priority, grayscale images are better
option.

Table 7. Classification performance on RGB dan grayscale image

Metrc Grayscale RGB
Precision 0.749 0773
Recall 0.741 0771
Accuracy 0.741 0.771
F1 0.742 0371

32  Comparison Between Classification
Algorithms

Second experiment was carried out to identify the
best for classifying defects in sperm cell images. Five
classic machine leaming algorithms: SVM, random
forest, MLP, naive bayes, and kNN were trained and
evaluated using 10-fold cross validationon RGB
images. Each algorithm were trained and evaluated
using the same split to maintain consistency.

Table 8 compares the performance of each
algorithm in classifying the sperm data. MLP achieved
the best performance indicated by the highest F1 score.
Only MLP and random forest were able to obtain more
than 80% of F1 score. MLP is suitable for this purpose
because it is able to represent non-linear function and
estimate any function given a hidden layer with
sufficient nodes. In addition, the dataset contains 3000
images with 1000 features that are sufficient to avoid
overfitting and underfitting. Also, the architecture is
simple, to avoid the effect of vanishing gradient.

Table 8. Performance comparison on several classifiers

Algorithm Precision Recall Accuracy Fl

SVM 0.773 0771 0.771 0771
Random Forest 0.821 0.814 0.814 0816
MLP 0.854 0.854 0.854 0854
Naive Bayes 0.760 0.755 0.755 0.757
kNN 0.802 0.788 0.788 0.790

Table 9 shows the classification performance for
each class in the dataset using MLP. From the F1
score, the classifier worked best in recognizing non-
sperm cells. Visually, the shape on non-sperm cells is
easy to differentiate from sperm cells. Therefore, the
classifiers can spot the different easily. On other
hands, the difference of normal and abnormal is less
obvious. In several cases, the difference comes in the
absence or shape of some part of sperm cells. In the
end, it becomes more difficult to recognize by a
classifier.

Table 9. Classification performance on each class

Class Precision Recall F1

MNormal 0831 0.856 0.843
Abnormal 0814 0811 0.813
Non-sperm 0921 0.895 0.908
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33  Comparison with other methods

We also compared the result of our proposed
method with those of similar approach on the same
dataset. Two previous works from Ilhan et al. [40] and
Yiizkat et al. [14] were taken as comparison. Ilhan et
al. used SURF and MSER feature descriptors and
SVM as classifiers, while Yiizkat et al. developed
ensembled model from 6 CNN models.

Table 10 shows comparison of the performance
of the proposed methods with similar ones. Our
approach yield comparable result witht those of Ilhan
et al. However, we use general purpose feature
extractor rather than handcrafted feature that may not
generalize well. Conversely, the proposed method
from Yiizkat et al. produced noticeable improvements.
However, the method involved a combination of 6
CNN model that are expensive to train. Among all
models, the simplest one was trained for 11 hours with
some of them had training time of twice of the time. In
comparison, the combination of feature extraction and
a classification algorithm in our proposed method took
no more than 5 minutes to complete.

Table 10. Pedformance comparison with other methods

Method Accuracy (%)
llhan et al. (SURF) 85.1
han et al. (MSER) 85.7
Yiizkat et al. (No augmentation) 66 45
Yiizkat et al. (8x augmentation) a0.2
Proposed 85.4

4 CONCLUSION

In this study we proposed a simple yet effective
way to recognize sperm morphology from sperm cells
images. Our proposed method resulted in a balance of
performance and simplicity. We achieve the accuracy
of 85.4% with low training time. This finding is
applicable for sperm morphology identification with
sensitive time constraints and limited hardware since
it does not require GPU and the inference computation
is simple.

Further research should be directed to identify
important features generated by image embedding
since it contains 1000 variables. It is also useful to add
explainability aspect to the proposed method since its
implementation in medical field usually demands
reasoning for the classification.
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