



    Formosa Journal of Computer and Information Science (FJCIS)

    Vol. 5, No. 1 2026: 201-214

    

    Blood Type Identification System in Humans Based on Digital Image Processing

    Muzaki1*, Aeri Rachmad2, Indra3, Irfan AP4

    1,3,4Universitas Sulawesi Barat

    2Universitas Trunojoyo

    Corresponding Author: Muzaki
  muzaki@unsulbar.ac.id


    

    Keywords: Blood Type, Artificial Neural Network, Backpropagation

    

    Received : 20, November

    Revised  : 22, January

    Accepted: 24, March

    

    ABSTRACT

    Humans strive to imitate expertise through artificial intelligence approaches, including in medical diagnosis such as distinguishing human blood types A, B, AB, and O. Artificial Neural Networks (ANN) have been developed as a generalization of mathematical models of human learning. This paper discusses the development of ANN software to detect human blood types through recognition of clotting patterns. The clotting patterns of the four blood types can be distinguished well by experts. ANN with the backpropagation learning method is applied as expert learning to recognize blood types based on the clotting pattern formed after antigen reagents are administered. Several image pre-processing stages are used, including edge detection and feature extraction, to improve the recognition process and support accurate blood type identification through artificial intelligence techniques.
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INTRODUCTION


Personal
Computer (PC) as a means of helping humans complete daily work in all fields.
At first, users only used computers as typewriters, now they have developed
into control tools or controllers both in households, in industry and even in
educational environments.  With the help of video cameras and video blasters,
the computer can recognize information from the image or image that is being
observed. Image processing is a method or technique that can be used to process
images or images by manipulating them into desired image data to obtain certain
information (Ferraz et al., 2011; Mahmood, 2024a).


Humans try
hard with all their abilities to imitate their greatness, for example, a doctor
with his expertise can distinguish human blood types between A, B, AB, and O.
With the artificial intelligence approach, humans try to imitate how patterns
are formed. Artificial Neural Networks have been developed as a generalization
of mathematical models of human learning. Some researchers have successfully
applied artificial neural networks to solve the problem of identification.
Among them are in the field of medicine that has been developed for the
detection of cancer in the lungs, and for the detection and classification of
liver disease conditions (Bukhari et al., 2021; Cacciari, 2005).


Develop
artificial neural networks for identification with the learning process of an
expert's ability to detect the degree of color damage on the monitor screen,
and for the detection of red blood color diversity. This paper develops software
that can be used to detect human blood type using image processing. The method
used is to develop an Artificial Neural Network with a back-propagation
learning method (Khan et al., 2024; Tyas et al., 2017).


 


LITERATURE
REVIEW


Image
Processing Subsystem


The entire hardware in this study is designed as an integrated
system arranged in the form of a block diagram as shown in Figure 1. The system
was developed to support the blood type identification process through a
digital image processing approach. The hardware used consists of an image
object in the form of a blood sample to be analyzed, a video camera as an image
acquisition device, and a video blaster that functions to convert analog
signals into digital signals so that they can be processed by computers (Lin et
al., 2020; Polaków & Metzger, n.d.). The integration between these devices
allows the image capture and processing process to be carried out in a more
systematic and structured manner.
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Figure 1.
Hardware Diagram Blocks











In addition to the hardware, the system is also supported by a
software subsystem arranged in the form of diagram blocks as shown in Figure 2.
The software subsystem functions to manage the stages of image processing from
data acquisition to the blood type classification process. The image used in
the study has a resolution of 512 × 256 pixels with a grayscale of 256
grayscales. Image data is obtained through the acquisition process using a
handycam camera, then converted into digital data using a video blaster card
before being further processed by the system.
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Figure 2.
Software Diagram Blocks


 


Preprocessing


The preprocessing stage is carried out to simplify the image so
that the object to be analyzed can be recognized more easily by the system. The
process of simplifying the image is shown in Figure 3. In the field of digital
image processing, one of the commonly used methods to simplify objects is the
edge detection technique, which is a method to identify boundaries between
objects in an image (Cui et al., 2008; Srujana et al., 2021). This technique
works by detecting significant changes in color intensity or grayness between
adjacent pixels. If the change in intensity value exceeds a certain sensitivity
level, then the area is considered the edge of the object.
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Figure 3.
Image Simplification Process


 


In this study, the Prewitt Operator method (Ye et al., 2018) was
used as an edge detection technique. This method utilizes a matrix measuring 3
× 3 with a central point as the main processing target. The calculation is done
by combining the difference in pixel values in the horizontal and vertical
directions to determine the presence of the edges of the object. An explanation
of the matrix structure can be seen in Table 1. Prewitt Matrix Operator. The
calculation process is carried out using the following equation:


Result=∣6+7+8−1−2−3∣+∣3+5+8−1−4−6∣


 


In the equation, the numbers 1 to 8 represent the position of the
pixel values in the Prewitt Operator matrix. The result of the calculation is
used to determine whether a point includes the edge of an object or not. The
use of this method is considered effective in clarifying the boundaries of
blood objects so as to facilitate the extraction stages of traits in the next
process.


 


Feature
Extraction


The feature extraction stage is carried out after the object in
the image has been successfully simplified through the preprocessing process.
This stage aims to obtain certain characteristics of each object that can be
used as a basis for blood type classification. The feature extraction process
begins with determining the position of the leftern, rightern, topern, and
bottommost objects in the image. After that, the image is divided into several
parts in the form of an M row and an N column to form a number of observation
boxes.


Each box is then scanned by pixels to identify the presence of
objects in a specific area. If the number of pixels in a box exceeds the
predetermined threshold value, then the box is given a value of 1. Conversely,
if the number of pixels does not meet the threshold limit, then the box is
given a value of 0. These values are then stored in a matrix measuring M × N as
reference data to be used at the classification stage. The feature extraction
process can be seen in Figure 4.
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Figure 4.
Feature Extraction Process


 


Classification


The classification process is carried out to determine the type of
blood type based on the reaction of blood clots to certain reagents (Prasetyo
et al., 2023; Reddy et al., 2025; Saleem et al., 2026). At this stage, three
drops of blood samples were given anti-A, anti-B, and anti-AB reagents each.
The reactions produced by each reagent are the basis for determining a person's
blood type. The image information from the observation from the video camera is
shown in Figure 5.
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Figure 5.
Image Data from Video Cameras


 


The image data obtained from each reagent is then analyzed to
determine whether the blood is clotted or not. The condition of blood that
clots is represented by logic 1, while blood that does not clot is represented
by logic 0. To support the identification process, the Artificial Neural
Network (JST) method with a backpropagation algorithm is used. The
backpropagation method or generalized delta rule is one of the learning methods
in JST that works using a gradient descent approach to minimize the total
square error in the network output.


The stages in the backpropagation method include providing input
patterns in the learning process, calculating errors and reverse propagation
processes, as well as adjusting the network weight value (Mahmood, 2024b; Soma
& Yashwantaray, 2019). The tissue structure used in this study consists of
three layers, namely an input layer of 90 neurons, a hidden layer of 10 neurons,
and an output layer of 1 neuron. The structure is designed to improve the
system's ability to recognize blood clot patterns based on the image data
obtained.


The results of the three reagents are then used to determine the
type of blood type based on the clotting pattern that is formed. The
combination of clot results from anti-A, anti-B, and anti-AB reagents is used
as the basis for blood type classification decision-making as shown in Table 1.
As below:


 











Table 1.
Blood Type Detection Results
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Based on the table, if the first drop of blood shows clots (1),
the second drop of blood does not clot (0), and the third drop of blood clots
(1), then the system will identify the blood sample as blood type A.


 


METHODOLOGY


This research
is carried out through several stages which include literature study,
observation, problem analysis, system design, and system implementation. These
stages are carried out systematically to support the development of a blood
type identification system based on digital image processing. The literature
study stage is carried out by studying books, journals, and scientific
references related to digital image processing, edge detection, feature
extraction, and the Artificial Neural Network (JST) backpropagation method.
This stage aims to obtain a theoretical foundation and determine the method
that is appropriate for the research.


Furthermore,
observations were made on blood samples that had been tested in the laboratory
to understand the pattern of blood clots after the administration of anti-A,
anti-B, and anti-AB reagents. The observation results are used as a basis in
the process of identifying and classifying blood images.


The problem
analysis stage is carried out to determine the limitations of the most effective
system and method in the blood type identification process. After that, a
system design was carried out which included image acquisition, preprocessing,
edge detection using the Prewitt Operator method, feature extraction, and
classification using JST backpropagation.


The final
stage is the implementation of the system, which is to build software based on
the design that has been made and conduct tests using blood image data to
determine the system's ability to recognize blood types automatically.


 














 


RESEARCH
RESULT AND DISCUSSION


This
research succeeded in developing a human blood type identification system based
on digital image processing by utilizing edge detection methods and Artificial
Neural Network (JST) backpropagation. The system is designed to recognize blood
clotting patterns after blood samples are administered anti-A, anti-B, and
anti-AB reagents. The identification process is carried out through several
main stages, namely image preprocessing, edge detection using the Prewitt Operator
method, feature extraction, and classification process using JST.


Research
on blood type identification based on image processing has actually been widely
developed, especially through machine learning approaches and the recognition
of medical image patterns. However, most previous studies have focused more on
the use of microscopic images with relatively complex device specifications and
high implementation costs (Ferraz et al., 2011; Khan et al., 2024). On the
other hand, research combining simple edge detection methods with
backpropagation of artificial neural networks on images of blood reagent
reaction results is still relatively limited, especially in systems based on
simple acquisition devices such as video cameras and video blasters. In addition,
some previous studies have focused more on improving classification accuracy
without explaining the stages of image simplification and feature extraction in
a structured manner so that the pattern recognition process becomes less
efficient when applied to devices with limited computing capabilities.


Based
on these conditions, the research gap in this study lies in the lack of optimal
development of a simple blood type identification system based on digital image
processing that is able to work using low-cost image acquisition devices but
still produces a good level of identification. This study also fills the gap of
previous research by integrating the Prewitt Operator method as an image
simplification process and JST backpropagation as a classification method in a
structured identification system flow. This approach is important because most
modern research is more oriented towards deep learning methods with the need
for large datasets and high device specifications, while this research offers a
lighter and more adaptive approach to the development of basic identification
systems.


The
main novelty of this study lies in the development of a blood type
identification system based on blood clotting patterns using a combination of
image preprocessing, extraction of binary matrix features, and classification
of JST backpropagation on blood reagent images. This research not only focuses
on the classification process, but also optimizes the stages of image
simplification through the edge detection method so that the characteristics of
blood clots can be recognized more clearly before the tissue learning process
is carried out. In addition, the use of data representation in the form of
binary matrices 9 × 10 provides a simpler and more efficient approach than the use
of full image processing, thereby reducing computational complexity without
eliminating the main pattern of blood objects. This approach is an important
contribution because it shows that blood type identification systems can still
be developed effectively using lightweight computing methods with a fairly good
level of accuracy.


The
results of the implementation showed that the system was able to recognize
blood clotting patterns in each blood type quite well. In the preprocessing
stage, the Prewitt Operator method manages to simplify blood imagery by
highlighting the edges of objects so that clot patterns are easier to recognize
by the system. The results of edge detection are shown in Figure 6. This
process results in a simpler image than the original image, but still retains
the main characteristics of the blood clot pattern. Thus, the feature
extraction process can be performed more effectively as unnecessary noise and
detail have been minimized.


 





Figure 6. Blood Images and Edge
Detection Results


 


The
success of the Prewitt Operator method in this study shows that edge detection
techniques are still relevant in simple medical image processing systems,
especially to detect changes in pixel intensity in blood objects. These
findings are in line with the research of Cui et al. (2008) and Srujana et al.
(2021) which stated that edge detection is able to improve the system's ability
to distinguish the boundaries of objects based on changes in the grayness of
the image. In addition, the use of Prewitt operators also provides a relatively
light computational process so that it is suitable for application to
computer-based identification systems with simple specifications.


After
the edge detection process is performed, the system proceeds with the feature
extraction stage by converting the image pattern into a binary matrix shape of
9 × 10 as shown in Figure 7. This process is carried out by dividing the image
into several parts, then scanning the pixels to determine the presence of the
object based on the number of active pixels in each observation area. The
results of the extraction of these traits are then used as input data on the
artificial neural network.


 





Figure 7. Data from the 9×10
Matrix Scale


Image
representation in the form of a binary matrix aims to simplify the input data
before it is processed by artificial neural networks. The data reduction
process produces numerical patterns that are easier to recognize by the
classification system. An example of the results of image data reduction after
the feature extraction process is shown in Table 2.


 


Table 2. Image Data Reduction
Results





 


The
results of the data reduction showed that the feature extraction process
successfully changed the blood image pattern to a simpler numerical data form without
eliminating the main characteristics of the object. However, the data
simplification process also causes some image information to be reduced,
affecting the level of system accuracy in the classification process.


The
next stage is the classification process using the Artificial Neural Network
backpropagation method. The system conducts a learning process based on the
data pattern of the characteristic extraction to distinguish the condition of
blood that clots and non-clotting. The test was carried out directly using a
video camera to find out the system's ability to recognize human blood type.


The
results of the system tests showed that the software was able to identify blood
types with a fairly good success rate. The data from the system test results is
shown in Table 3.


Table 3. Blood Type
Identification System Test Results





Based
on the test results in Table 3, the number of correct detections was obtained
as many as 16 data and the number of false detections as many as 4 data. Thus,
the accuracy level of the system in recognizing blood types reaches about 80%.
The success rate shows that the JST backpropagation method has a fairly good
ability to recognize blood clot patterns based on digital images.


Nonetheless,
the results show that the accuracy level of the system is still influenced by
several external factors, such as the quality of the video camera, the
intensity of the lighting, the position of the image shooter, and the quality
of the blaster video device. In addition, the data reduction process at the
feature extraction stage causes some image details to be lost so that in some
conditions the system experiences misclassification.


The
learning process of JST during training is shown in Figure 8. The graph shows
that the error value decreases as the number of training iterations increases.
This condition shows that the network learning process is running well and the
network weight is able to adjust the input data pattern to the expected output
target.





Figure 8. Graph of Data Training
on Artificial Neural Networks


The
results of this study support the research of Mahmood (2024b) and Soma and
Yashwantaray (2019) who stated that the JST backpropagation method can be used
for the blood image classification process through the recognition of digital
patterns. In addition, the research of Khan et al. (2024) also showed that the
combination of image processing and artificial intelligence is effectively used
in the identification of blood structures in microscopic medical images. The
difference is that this study uses a classification approach based on blood
reagent clotting patterns with a simpler image acquisition system. Thus, this
study shows that the JST-based digital image processing approach can be an
alternative to an automatic blood type identification system with a relatively
low cost and a faster process than manual observation.














 


The
contribution of this research lies not only in the success of blood type
identification, but also in the development of a simple system model that can
be implemented in environments with limited digital laboratory facilities. The
use of simple preprocessing methods and binary matrix representations suggests
that identification systems do not necessarily require complex computations to
produce adequate classifications. This is a practical and theoretical
contribution to the development of a light-scale artificial intelligence-based
medical image processing system.


However,
the results show that the accuracy level of the system is still influenced by
several external factors, especially the quality of the image acquisition
device. Lighting intensity, camera position, blaster video quality, and blood
image conditions greatly affect the success of the identification process. In
some conditions, the process of data reduction during image simplification
causes the loss of some important information so that the system experiences
misclassification. This is one of the reasons why four data are still found
that are not recognized correctly.


In
addition, the amount of training data used in this study is still relatively
limited, so the generalization ability of the network is not optimal. This
condition causes the system to be more sensitive to changes in image patterns
that are different from previous training data. Therefore, further research is
recommended to use a larger number of datasets, more stable image quality, as
well as develop more modern classification methods such as Convolutional Neural
Network (CNN) so that the accuracy level of blood type identification can be
improved more significantly.


 


CONCLUSIONS AND
RECOMMENDATIONS


Based on the
results of observations, tests, and discussions that have been carried out,
this study shows that the digital image processing method using Prewitt Operator
edge detection can be used to simplify blood images so that clotting patterns
can be recognized more clearly. The developed system also successfully
identified blood types A, B, AB, and O using the Artificial Neural Network
backpropagation method with a fairly good level of accuracy. The results of the
study show that a combination of image preprocessing, trait extraction, and JST
classification can be used as an alternative to automatic blood type
identification based on digital images. However, the success of the system is
still greatly influenced by the condition of the supporting devices, such as
the quality of the video camera, video blaster, and the intensity of the
lighting during the image-taking process.


This research
is expected to add insight and reference in the development of a blood type
identification system based on artificial intelligence and digital image
processing. For further development, it is recommended that the research use
more modern classification methods and a larger number of datasets so that the
accuracy level of the system can be improved. In addition, the use of image
acquisition devices with better quality and more stable lighting conditions is
also needed so that the identification process can run more optimally, quickly,
and accurately. 


 


ADVANCED RESEARCH


Further
research is expected to develop a blood type identification system using more
modern artificial intelligence methods, such as Convolutional Neural Network
(CNN) or Deep Learning, so that the level of classification accuracy can be
improved more optimally. In addition, the use of larger blood image datasets,
variations in lighting conditions, and better quality image acquisition devices
are also needed to improve the generalization capabilities of the system. The
development of a real-time system based on mobile devices or the Internet of
Things (IoT) is also an opportunity for further research so that the blood type
identification process can be carried out faster, more practically, and more
efficiently.
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