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observation. There were hundreds of frames which contain
densely populated bull sperms.
This paper is arranged by the following arrangement. The
first section discusses the background and the proposal of the
paper. The second section explores the previous works that
related to this study. The third section explains more detail
about dataset generator which is the main contribution in this
paper. The fourth section explains and analyzes the results.
The fifth section concludes the analysis and gives insights for
future works.

Abstract—Nowadays deep learning has been very famous for
its capability. One of deep learning methods is Convolutional
Neural Network (CNN) which is the most popular for solving
image processing problem. CNN can be very effective if only it
is given a lot of valid training data. Having a massive amount of
training data is still a problem to be solved. In this paper, we
proposed a multiresolution dataset generator for CNN which
aimed to help researchers to get an immersive amount of data
from image samples or videos. As the case study, we have taken
50 images which were extracted from a bull sperm microscopic
observation video. The sperms in the image were marked
manually to have a valid dataset. The images were then cut into
sperm and nonsperm image patches with 6 different patch sizes
automatically. The result was more than 55,000 sperm and
nonsperm patches for each patch size.

II.

PREVIOUS WORKS

The structure of CNN consists of convolutional, pooling,
and fully connected layers. It learns from the training set by
back-propagation. The input of a CNN model is an image and
its output is the classification result of the input.

Keywords—Convolutional Neural Network, dataset generator,
deep learning, sperm detection

I. INTRODUCTION

INPUT:

The artificial neural network has been introduced since
1958. Unfortunately, the performance was not encouraging
enough at that time. Some researchers thought that this
technique was not a sophisticated method. Nevertheless, in
this big data era, this technique now has a preferential place.
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The structure of CNN

To utilize CNN, we can start by generating an image
dataset and divide it into training, validation and testing set.
Once the dataset division completed, we can train our CNN
model with the training dataset and perform validation using
validation dataset. The weights inside the model are adjusted
throughout the training and validation process. Afterward, we
can test the model using testing dataset and obtain the
classification result.

One of the main reasons artificial neural network gave a
poor performance was that it was given not enough amount of
high-quality valid data. In this era where we have abundant of
data, the performance increases significantly although the
technique itself is not significantly improved. The artificial
neural network has a characteristic that it get smart to perform
its task when it was given a huge amount of high-quality valid
data. Therefore the high number of high-quality valid data is
obligatory to have a satisfactory performance of an artificial
neural network.

A CNN model needs a huge amount of training data for it
to give a satisfactory result. Therefore, from this series of
process, generating dataset is a heavy task to perform. This
research purpose is to develop a dataset generator so that
dataset generating is easier to do.

There are a lot of open datasets[1] that can be downloaded
freely. Nevertheless, the problem lies on how to get those high
number quality labeled data automatically from our own
samples. In this paper, we proposed a semiautomatic system
to generate a dataset for Convolutional Neural Network
(CNN) which is one of deep learning method that most
suitable for solving image processing problem.

There were some works to generate a different kind of
datasets. Horsley et al. [2] developed a deep convolutional
generative adversarial networks to automatically generate
image sprites. This system was not generating a dataset for
CNN. In fact, it used CNN to generate image sprites.

To be more specific, we tackled the case study in sperm
detection from frame sequence of microscopic bull sperm

Kniaz et al.[3] did similar works in terms using CNN to
generate the dataset. They developed a system called
Thermalnet which used a deep convolutional neural network
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to do augmentation of existing image datasets with synthetic
thermal images. The architecture was inspired by colorization
deep neural network.

INPUT:
Full resolution image

Dosovitskiy et al. [3] generated 3 kinds of objects: tables,
chairs, and cars using deep convolutional neural networks.
The model was input by a large number of table, chair, and car
3D images. As the result, it gave new images which were not
only similar objects, but also it can be creatively invented new
object styles based on random noise.

Nonsperm
slicer

Sperm slicer

Yamamoto and Harada [4] used 3D Convolutional Neural
Network for generating video. Interestingly, the model
generated video using merely label as the input. The
evaluation was carried out by using a crowdsourcing service
and confirmed its usefulness.

Manual sperm
marking and
validation

Dataset
divider

OUTPUT:
Sperm and nonsperm patches
with their labels

Yamashita1 et al. [5] tried to improve the quality of the
training sample by an effective selection of samples from an
augmented sample set. They also claimed that the system was
able to generate a large number of augmented samples from
labeled images.

Fig. 2.

The structure of the proposed system

There were some annotation tools available. VGG Image
Annotator (VIA) [6] can make an annotation for general object
and face using polygon and bounding box as the market.
LabelMe [7] was a free online annotation tool for computer
vision purposes with a bounding box marker. Labelbox [8]
was a commercial annotation tool for classification and
segmentation purposes with different types of marker which
were point, line, brush, and superpixel.
As a short conclusion, there were systems which were
using deep convolutional neural networks to generate datasets
and some annotation tools available. Nevertheless, the
annotation tools were made mostly for everyday landscape
like panorama, faces, street objects, etc.
There are a lot of cases where the objects inside the
image/video are plentiful with object size similar one to
another. As an example is sperm cell detection or any other
biomedical application. In this situation, the tools were not
suitable because it leads to the exhausting and tedious task.

Fig. 3.

In this paper, we developed a system to generate datasets
from a full resolution image samples for the convolutional
neural network. The system can semiautomatically generate
the datasets including their annotation files for training,
validation, and testing.
III.

Example of frame samples

B. Implementation Environment
The system itself was developed in C++ using Microsoft
Visual Studio 2017 and OpenCV 3.4.1 library on Windows 10
Pro (x64) operating system. The CNN model was developed
using Python 3.5 and Anaconda framework. A workstation
with Intel Core i3 @2.0 GHz, 1 TB Harddisk, 8 GB RAM, and
NVIDIA GeForce 920MX used for the development and
experiment.

METHODS

In this paper, we performed some steps to generate the
dataset. This section describes those steps. Fig. 2 is an
overview illustration of the steps.

C. Manual Marking and Validation
The first step in the dataset generator was to identify and
mark the sperm on the video frame. This was performed
manually and carried out by two experienced Lembang
Artificial Insemination Center staffs. The manual method was
chosen because dataset has to be validated by a scientific
authority in bull sperm detection which is a veterinarian. They
put a marker on every center of the sperm head.

A. Samples
There were 50 frame sequences which were extracted from
a bull sperm microscopic video observation from Lembang
Artificial Insemination Center, Indonesia. The video was
captured using a phase-contrast microscope with 400x
magnification in 50 fps frame rate. The frame dimension was
640x480 pixels. Fig. 3 is one of the frame samples.

When manual detection was performed, bull sperm
morphology and characteristics have to be carefully
considered. Bull sperm has particular characteristics
compared to other sperms (Fig. 4, Fig. 5). Those
characteristics are:
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•

Each bull sperm cell has a head length of 8.83μm, the
middle part about 11μm [9]. The size is more or less twice
human sperm.
• The oval head shape with the head tip is larger than the
base of the head
• Flattened
• Blackhead with a white border
• Has a black/gray tail with a straight or curved shape with
a length of about 53.4μm [9].
The marking result was given in Fig. 6. In this research
sample, each frame contains more or less 500 sperm cells.
This system is also can be easily adapted for generating a
dataset from other image or video samples e.g. cell detection.
The user just has to put a marker at the center of the desired
object (e.g. cell). The patch generating process is described
in detail in section D.

Fig. 6.

The marking result

D. Multiresolution Sperm Patch Generator
The system afterward automatically slice the frame into
sperm image patches based on their marking position. We can
define the size of the patches. For the case in this paper, the
size of the sperm head is more or less 10 pixels. Therefore the
first patch size is set into 10x10 pixels because less size did
not produce a better detection result. The sperm head itself lies
in the center of the patch.
The size of the patch was very important to have a better
accuracy in object detection. For that reason, the system was
also automatically sliced the frame in different size of patches
so that we can perform experiments and discover which patch
size gives the best accuracy. The system sliced the frame from
10x10 pixels to its doubled size (20x20 pixels) with 2 pixels
increment.

Fig. 4.

One problem arose. For the sperms located near the border
of the frame, then there was an evaluation of whether these
sperms were taken into account or not. The evaluation was
based on the patch size. If the sperm distance to the frame
border was more than half of the patch size, then the sperm
was accepted. Otherwise, it was discarded.

Bull sperm morphology [10]

The marked sperm positions were recorded in a text file.
This file can be used as a ground truth data. Any bull sperm
detection system can use this file to measure its accuracy.
For other cases other than bull sperm detection, the user
can set the size of the desired object as the initial size of the
patches. The system slice the video frames or images from its
initial size to its doubled size with 2 pixels increment. This
slicing process is performed automatically.
E. Nonsperm Patch Generator
A deep convolutional neural network model does not only
need the desired object labeled samples (i.e. sperm patch in
this paper) but also the unwanted object labeled one (i.e.
nonsperm patch). Therefore we embedded the ability to
automatically generate nonsperm patches.
A nonsperm patch can be defined as a patch which is
located between sperm patches. To measure the distance
between one patch to another, the Euclidean distance was
utilized as mentioned in (1).
Fig. 5.

( ,

Sperm morphology comparison [10]

where:
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The most left number indicates the index of the sperm. The
second and third numbers indicate the x and y coordinate of
the center of the sperm head. Each number was separated by
a comma. The text file was ended with a dot. With this format,
one can use this text file as the ground truth by extracting
sperm coordinates using comma as delimiter and dot as the
marker of the end of file.

= point 2
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, = coordinate of
To determine whether a candidate patch is a nonsperm
patch, we used (2). For each point in an image frame ,
we measured the distance to every sperm point . If ≤
0.5 ∗
ℎ
ℎ, which means the Pi closed to a center of
sperm patch, then it was not recorded as a nonsperm patch. A
point Pi was recorded as a nonsperm patch if there is no center
of sperm patch ( ) near to it.
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The next stage was generating nonsperm patch. With (1),
we can obtain these nonsperm patches as illustrated in Fig. 9.
The size of nonsperm patch was identical with the size of
sperm patch which was 16x16 pixels.
0,12,28,
1,54,3,
2,67,45,
3,204,16,
4,388,16,
5,434,27,
6,485,25,
7,78,99,
…
…
409,64,473,
410,355,476,
411,629,476,
.

(2)

F. Dataset Divider
In our research, we implemented the model using Caffe
[11]. Caffe reads a text file which contains a list of file and its
label (1/0). Sperm patches were labeled 1 while nonsperm
ones were labeled 0. There were three text files with three
different functions: training, validation, and testing. To
perform this, we developed an application to divide a dataset
into those three different text file. The application read the
dataset folder containing whole patch images and wrote the
image path and its label (1/0) on the text files.

Fig. 8.

G. Result validation
The system outputs were sperm and nonsperm patches
along with three text files for three different purposes:
training, validation, and testing. Those results were validated
by veterinarians. They validated 10% of the first results which
represent the entire results.

Text file containing sperm coordinates

Fig. 9.

Examples of nonsperm patches

There were several patch sizes generated. In this paper
case, the first patch size was 10x10 pixels which were the size
of a sperm head. The system generated until twice of the
initial patch size. Table I gives the illustration of the patch
size comparison.

The veterinarians performed validation by manually
assessing whether the sperm patches were indeed sperm
images and the nonsperm patches were indeed nonsperm
images. The sperm coordinates that were written in the three
files were plot onto the images. The veterinarian manually
assessed whether the plot was correct.

TABLE I.

IV. RESULT AND DISCUSSION
The purpose of the system is to generate sperm and
nonsperm patches. The patches were created by slicing the
frame with the sperm head as the center of the patch. Fig. 7
contains the examples of sperm patches with 16x16 pixels
size.

PATCH SIZE COMPARISON

Size
Patch

10x10

12x12

14x14

16x16 18x18

20x20

Amount

56,089

55,944

55,754

55,546 55,293 55,060

For nonsperm patch, the sizes followed the sizes of the
sperm patch. This means there were 6 different patch sizes
from 10x10 pixels to 20x20 pixels with 2 pixels increment.
Practically, one can set the patch size generated more than
twice the initial size. Nevertheless, especially for bull sperm
detection case, larger patch size includes too many other
objects in the patch. This decreased the result accuracy of the
convolutional neural network.

Fig. 7.

In this paper, we have generated more than 55,000 sperm
and nonsperm patches for each patch size. From the Table I,
we can also observe that larger patch size give less number of
patches. This happened because of the following reasons.
First, with a larger patch size, the sperms near the frame
border were not be taken into account. Second, the number of
nonsperm generated was decreased as the space between

Examples of sperm patches

The system also recorded the coordinates of the sperms in
a text file. The index started from 0. The text file content is
illustrated in Fig. 8. In this figure, there were 412 sperm cells.
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working to make the system fully automatic by implementing
a sperm detection system developed by Hidayatullah and
Zuhdi[12] with additional features to delete wrongly marked
sperms and mark the unmarked sperm. In this paper, we use
bull sperm detection as the case study. Nevertheless, we
believe that this system is also able to be utilized for other
convolutional neural network cases. In the future, we want to
do dataset generator for human sperm detection, cell
detection, and any other.

sperm patches become narrower so that the number of
nonsperm patches was lower.
After sperm and nonsperm patches were generated,
patches were divided into 3 types of dataset: training,
validation, and testing. One can determine the proportion of
each type. Generally, training dataset has the most proportion
compared to others.
For implementation purpose using Caffe, the image
patches were listed in a text file and labeled accordingly.
Sperm patches were labeled as 1 while nonsperm ones were
labeled as 0. Fig. 10 illustrated how the text file looked like.
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Example of training text file

The sampling results were given to the veterinarian for
validation which method was detailed in G. The sperm
patches resulting from the system were considered to be valid
images that representing sperms as well as the nonsperm
patches. The plot of the sperm coordinates was also accurate.
Based on the result of this research and comparing to
currently available works, we have developed a novel system
to generate a Convolutional Neural Network dataset from a
video/image sample.
V.

CONCLUSION

In this paper we have developed a semiautomatic system
to generate a dataset with these features: manual sperm
marking and validation, automatically slice image frames into
sperm and nonsperm patches with different patch sizes. This
system simplify the task of veterinarian and researcher in
generating dataset for Convolutional Neural Network.
This is an initial work for developing a robust system to
detect sperm cells using CNN. In the present time, we are
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