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1. INTRODUCTION

Soil-transmitted helminth (STH) infections are significant and pose a substantial global health
problem, especially in impoverished nations with subpar sanitation and limited access to healthcare facilities
[1]-[7]. STH is a group of parasitic worms commonly found in the soil that can infect humans through direct
contact with contaminated soil or by consuming food or water contaminated with worm eggs [8]-[12].
Infections induced by STH are among the most widespread infections in the world, with an estimated 1.5
billion infected people or 24% of the world's population [2], [3], [12]-[16]. In Indonesia, STH infections
remain a major concern due to close links with socio-economic conditions, personal hygiene, and
environmental factors [12], [14], [17]-[20]. The prevalence of worm infections among children aged 1-12
years in several provinces is relatively high, ranging from 30% to 90% [13], [14], [21].

The primary challenge that this research attempts to solve is how inadequate the present approaches
are for identifying infections caused by STH, especially in areas with poor resources and restricted access to
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medical care. Even though STH infections are quite common and have a big effect on public health, the
methods of identification that are now in use have a lot of drawbacks [22]. These include laborious
procedures, a high risk of human error, and inefficiency.

Despite the scale of the problem, early and accurate detection of STH infections is hindered by the
time-consuming and labor-intensive nature of traditional microscopic image analysis which is crucial for
reducing the disease burden and preventing serious complications that may arise from undetected infections
[5], [16], [17], [23]. One commonly used detection method involves analyzing microscopic images of human
stool samples, where the presence of worm eggs can be identified and counted [9], [24]-[26]. Although
microscopic image analysis has proven effective in detecting STH worm eggs, the process often requires
significant time and effort as it needs to be carried out by skilled personnel and may be prone to human
errors. The need for skilled personnel increases the likelihood of human errors, underscoring the urgency for
a faster and more automated approach. Therefore, a faster and more automated approach is needed for
detecting STH infections in microscopic images [22].

Recent advancements in artificial intelligence, specifically convolutional neural network (CNN),
offer a promising avenue for addressing this challenge. In the past decade, particularly CNN has shown great
potential in image analysis. A perfect illustration of a neural network created artificially is CNN architecture,
inspired by human visual processing and has been used advantageously to solve a variety of pattern
recognition concerns, including medical image analysis. In the context of detecting STH infections in
microscopic images, the use of CNN holds promising solutions [2], [15], [27]. By training CNN on properly
annotated microscopic image datasets, the neural network can learn to recognize and distinguish STH worm
eggs from other elements in the images efficiently. The anticipated outcome is an automated and efficient
detection method that minimizes the need for manual intervention in the image analysis process.

This research aims to optimize the approach of STH infection detection using CNN on microscopic
images. The practical use of CNN is anticipated to enhance diagnosis speed and accuracy while eliminating
requirements of personal involvement across the image analysis process [28]-[31]. The results of this
research are expected to make a significant contribution to efforts in preventing and controlling STH
infections, especially in regions with high prevalence rates [5], [9], [23]. With an automated and efficient
detection method, the handling of STH infections can be more timely and effective, thereby minimizing their
negative impact on public health. Moreover, this research may pave the way for the application of artificial
intelligence technology in other healthcare fields that require image analysis, with the potential to expand Al
applications in the healthcare sector. The current research changes the path to highlight the urgent need for
automation and innovation in the domain of STH infection diagnosis in light of these difficulties. The
awareness of the shortcomings of current methods serves as a stimulus for promoting a paradigm change for
the adoption of more sophisticated and effective techniques. It lays out an explicit path for the next portions
of the research, which will concentrate on using CNN abilities to transform the field of STH infection
identification in microscopic photographs.

2. RESEARCH METHOD

The research methodology employed in this study leverages the CNN method, a dynamic and
evolving approach within the realm of image analysis and pattern recognition [32]-[34]. The CNN known as
CNN, is strongly influenced by the manner in which human visual perception operates. This method has
brought significant changes in various applications related to image processing, including in the health sector,
such as detecting STH infection in microscopic images. CNN is designed to process image data in the form
of a pixel matrix and study the patterns and distinctive features contained therein [35]-[39] In contrast to
traditional methods that require manual feature extraction, CNN can automatically extract important features
from images during the training process.

There are some notable issues in the context of our work that require further attention and research.
The following crucial elements stand for open issues and areas that need improvement. Even though STH can
be detected using CNN, our study still faces difficulties in automatically extracting pertinent features from
microscopic pictures [22]. Improving the network's capacity to recognize and extract minor but important
elements on its own might improve STH classification accuracy even more. In the context of STH
classification, it is necessary to enhance the interpretability and explainability of CNN decisions because they
function as intricate, opaque models. More confidence and acceptance of the suggested strategy in clinical
settings would result from the development of techniques to clarify the reasoning behind CNN-based
diagnoses [22].

In this research, utilizing a CNN for classifying STH is a direct and effective method, highlighting
the desirability of transfer learning [37], [40]-[42]. This approach enables faster implementation with
reduced code and complexity. This research example showcases seven straightforward steps for
implementing the STH classification: dataset loading, dataset splitting into training and validation sets (80:20
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ratio), dataset resizing to fit the CNN's input layer size, examination of the network to identify the feature
learner and classification layer, modification of these layers as necessary, definition of training options, and
finally, training the network. The methodology presented in this study delineates seven straightforward steps
for the STH classification implementation. These steps are as shown in this research are i) load the dataset, ii)
divide the dataset in an 80:20 ratio into training and validation datasets, iii) resize the dataset to match the
input layer size of the CNN, iv) inspect the network and identify the feature learner and classification layer,
v) madify the feature learner layer and classification layer as needed, vi) define training options, and vii)
train the network.

By following these steps, the CNN can be effectively utilized for classifying STH, saving time, and
effort in the implementation process. Figure 1 illustrates the overview of the transfer learning process. CNN
will update its weights based on the values of each image pixel in the training dataset and perform a
convolution process on each predetermined filter [43], [44]. Then the convolution results will be processed
using the activation function and used as input for the next layer. This process will continue to repeat until,
finally, the model is sufficiently precise to the desired level [30], [45]. Once the CNN model has been
trained, it may be applied to new microscopic photographs to generate predictions [46]-[48]. The image to be
predicted will go through the same process as the test dataset: the convolution process, the activation
function, and the next layer to produce the predicted output. In detecting STH infection, the prediction output
of the CNN model will show the probability of STH infection in the faeces images. If the probability is above
a predetermined threshold, the image can be classified as an STH-infected stool image. Conversely, if the
probability is below the threshold, then the image can be classified as a stool image that is not infected with
STH. Our CNN-based STH detection technology must be translated into real-world clinical situations, which
means real-time deployment and execution issues. To enable realistic, rapid implementations in healthcare
settings, more research is needed to optimize the computational efficiency and resource requirements of the
model. By acknowledging and actively seeking solutions to these unsolved problems and areas requiring
improvement, our manuscript aims to contribute not only to the advancement of STH detection
methodologies but also to the broader field of medical image analysis and artificial intelligence in healthcare.
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Figure 1. STH detection using CNN
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3. RESULTS AND DISCUSSION

In this study, the CNN method can be used to detect STH infection in microscopic faeces images
using processed faeces image datasets. The CNN model training process is carried out by updating the
weights on each image pixel in the training dataset and performing a convolution process on each
predetermined filter. After being trained, the CNN model can be used to make predictions on new faeces
images by showing the probability of STH infection in the faeces images using the parameter shown in Table 1.

To test for the presence or failure to detect Ascaris lumbricoides, trichuris trichiura, and hookworm
eggs in the faeces, descriptive cross-sectional MATLAB code was utilized in this experiment. The training
and validation loss and accuracy graphs shown in Figure 2 provide insight into how a CNN model performs
during the training and testing process. In this study, we have monitored the loss and accuracy graphs to
understand to what extent the CNN model successfully recognizes and classifies STH infection on
microscopic images using MATLAB. Figure 2 shows the accuracy graph of how the CNN model improves
its ability to recognize STH infections over time. Initially, the accuracy value in training and validation may
be relatively low because the model is not yet effective in classifying infections. However, as the epoch
progresses, the accuracy increases as the model learns and improves the classification of STH infections.

Table 1. GoogleNet architecture parameter used

Parameter Value
Mini batch size 5
Max epochs 6
Initial learn rate 0.0003
Optimizer adam
Weight learn rate factor 10
Bias learn rate factor 10
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Figure 2. Training and validation of accuracy

The loss graph, as shown in Figure 3 is the change in the value of the loss function at each epoch
during the training and validation process. At the beginning of training, the Loss value tends to be high
because the model has not yet received a proper representation of the features of STH infection. However, as
the epoch progresses, loss values gradually decrease as the model learns to recognize the distinctive patterns
and features associated with STH infection.

From the training and validation graphs of loss and accuracy, we can conclude that the CNN model
in this study successfully identified STH infection on microscopic images with a high degree of accuracy.
The graph shows that the model effectively learns the characteristic features of STH infection and can
classify them appropriately. In addition, high validation accuracy demonstrates the ability of the model to
generalize to new data, highlighting the model's accuracy and dependability in spotting STH infection in
general as shown in Figure 4.

CNN testing using MATLAB with training data of more than 1,500 images resulted in an accuracy
rate of STH detection reaching 92.31%, as shown in Figure 3. The achieved accuracy of 92.31%
demonstrates the efficacy of using CNN for detecting STH infections in microscopic images. This high
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accuracy rate showcases the CNN model's ability to learn and recognize distinctive features associated with
STH worm eggs, enabling precise classification.

The accuracy level achieved in this study highlights the reliability of CNN for enhancing the
efficiency and accuracy of STH infection detection. Compared to traditional methods, which often require
manual intervention and may lead to errors, the CNN-based approach is more robust and less prone to human
biases. Furthermore, the high accuracy rate achieved in this research indicates the possibility of employing
this CNN model as an assistive tool for healthcare professionals. By automating the STH detection process,
the CNN can potentially save valuable time and resources, eventually allowing prompt treatment and earlier,
more precise diagnostics.
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Figure 4. Result of training and validation loss and accuracy

Based on the results of the conducted research, it can be concluded that optimizing microscopic
image detection of STH infection using a CNN is a highly promising and effective approach. By
implementing image preprocessing techniques to enhance image quality and employing accurate
segmentation techniques, the CNN model can identify and classify STH worm eggs in microscopic images
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with a high level of accuracy. The incorporation of clinical data, such as patient demographics and associated
symptoms, could significantly enrich the context of STH infection detection. Integrating this information into
the CNN model presents an area for improvement, potentially enhancing the diagnostic capabilities and
contributing to a more holistic understanding of infection patterns. Using CNN to detect STH infections in
microscopic images offers significant advantages over traditional methods that are time-consuming and prone
to human errors. This technology provides a quick, accurate, and efficient solution for diagnosing STH
infections, aiding in global disease control and management efforts. Furthermore, this research also
highlights the importance of using artificial intelligence technology in healthcare, particularly in supporting
the detection and diagnosis of diseases that require specialized expertise, such as STH infections. It is hoped
that this study can serve as a valuable guide for researchers, medical practitioners, and data scientists in
harnessing artificial intelligence to improve the quality of healthcare services and positively impact society
globally.

ACKNOWLEDGEMENTS

Thanks to the University of Perintis Indonesia, which provided resources and expertise for the
research, the author should extend their gratitude. Additionally, we would like to express our gratitude for
supporting the novice lecturer research scheme (PDP) in 2023 from the Ministry of Education and Culture of
the Republic of Indonesia’s Directorate of Research Technology and Community Service (DRTPM).

REFERENCES

[1] 1 D. Amoah, G. Singh, T. A. Stenstrom, and P. Reddy, “Detection and quantification of soil-transmitted helminths in
environmental samples: A review of current state-of-the-art and future perspectives,” Acta Tropica, vol. 169, pp. 187-201, May
2017, doi: 10.1016/j.actatropica.2017.02.014.

[2] E. Dacal et al., “Mobile microscopy and telemedicine platform assisted by deep learning for the quantification of Trichuris
trichiura infection,” PL0S Neglected Tropical Diseases, vol. 15, no. 9, pp. 1-4, Sep. 2021, doi: 10.1371/journal.pntd.0009677.

[3] D. Wimmersberger et al., “Efficacy and safety of ivermectin against trichuris trichiura in preschool-aged and school-aged
children: a randomized controlled dose-finding trial,” Clinical Infectious Diseases, vol. 67, no. 8, pp. 1247-1255, Sep. 2018, doi:
10.1093/cid/ciy246.

[4] L. Steinbaum et al., “Detecting and enumerating soil-transmitted helminth eggs in soil: new method development and results from
field testing in Kenya and Bangladesh,” PLoS Neglected Tropical Diseases, vol. 11, no. 4, pp. 1-15, Apr. 2017, doi:
10.1371/journal.pntd.0005522.

[5] J. Kabatende et al., “Prevalence, intensity, and correlates of soil-transmitted helminth infections among school children after a
decade of preventive chemotherapy in Western Rwanda,” Pathogens, vol. 9, no. 12, pp. 1-20, Dec. 2020, doi:
10.3390/pathogens9121076.

[6] B. Leetal., “The impact of ivermectin, diethylcarbamazine citrate, and albendazole mass drug administration on the prevalence
of scabies and soil-transmitted helminths in school-aged children in three municipalities in Timor-Leste: a before-after
assessment,” The Lancet Global Health, vol. 11, no. 6, pp. €924-932, 2023, doi: 10.1016/S2214-109X(23)00134-1.

[71  A. Priss-Ustln et al., “Burden of disease from inadequate water, sanitation and hygiene for selected adverse health outcomes: an
updated analysis with a focus on low- and middle-income countries,” International Journal of Hygiene and Environmental
Health, vol. 222, no. 5, pp. 765-777, Jun. 2019, doi: 10.1016/j.ijheh.2019.05.004.

[8] P. M. Jourdan, P. H. L. Lamberton, A. Fenwick, and D. G. Addiss, “Soil-transmitted helminth infections,” The Lancet, vol. 391,
no. 10117, pp. 252-265, Jan. 2018, doi: 10.1016/S0140-6736(17)31930-X.

[91 S. Ame et al., “Impact of preventive chemotherapy on transmission of soil-transmitted helminth infections in Pemba Island,
United Republic of Tanzania,” PL0OS Neglected Tropical Diseases, vol. 16, no. 6, pp. 1-11, Jun. 2022, doi:
10.1371/JOURNAL.PNTD.0010477.

[10] A. A. Adegoke, I. D. Amoah, T. A. Stenstrom, M. E. Verbyla, and J. R. Mihelcic, “Epidemiological evidence and health risks
associated with agricultural reuse of partially treated and untreated wastewater: a review,” Frontiers in Public Health, vol. 6, no.
DEC, pp. 1-11, Dec. 2018, doi: 10.3389/fpubh.2018.00337.

[11] V. A. Welch et al., “Mass deworming to improve developmental health and wellbeing of children in low-income and middle-
income countries: a systematic review and network meta-analysis,” The Lancet Global Health, vol. 5, no. 1, pp. e40-e50, 2017,
doi: 10.1016/S2214-109X(16)30242-X.

[12] S.Vaz Nery et al., “The role of water, sanitation and hygiene interventions in reducing soil-transmitted helminths: interpreting the
evidence and identifying next steps,” Parasites and Vectors, vol. 12, no. 1, pp. 1-8, 2019, doi: 10.1186/s13071-019-3532-6.

[13] P. A. Zendejas-Heredia, V. Colella, S. F. Hii, and R. J. Traub, “Comparison of the egg recovery rates and limit of detection for
soil-transmitted helminths using the kato-katz thick smear, faecal flotation and quantitative real-time pcr in human stool,” PL0S
Neglected Tropical Diseases, vol. 15, no. 5, pp. 1-18, 2021, doi: 10.1371/journal.pntd.0009395.

[14] Y. Xu et al., “The prevalence of soil transmitted helminths and its influential factors in Shandong Province, China: an analysis of
surveillance data from 2016 to 2020,” Infectious Diseases of Poverty, vol. 12, no. 1, pp. 1-13, 2023, doi: 10.1186/s40249-023-
01100-4.

[15] P. Ward et al., “Affordable artificial intelligence-based digital pathology for neglected tropical diseases: A proof-of-concept for
the detection of soil-transmitted helminths and Schistosoma mansoni eggs in Kato-Katz stool thick smears,” PL0S Neglected
Tropical Diseases, vol. 16, no. 6, pp. 1-16, 2022, doi: 10.1371/JOURNAL.PNTD.0010500.

[16] M. Z. Tee et al., “Efficacy of triple dose albendazole treatment for soil-transmitted helminth infections,” PLoS ONE, vol. 17, no. 8
August, pp. 1-21, 2022, doi: 10.1371/journal.pone.0272821.

[17] N. Salam and S. Azam, “Prevalence and distribution of soil-transmitted helminth infections in India,” BMC Public Health, vol.
17, no. 1, 2017, doi: 10.1186/512889-017-4113-2.

[18] C. M. Scavuzzo et al., “Feature importance: Opening a soil-transmitted helminth machine learning model via SHAP,” Infectious

Enrichment of microscopic photographs by utilizing CNN regarding soil-transmitted ... (Rio Andika Malik)



52

a ISSN: 2252-8814

[19]

[20]
[21]

[22]

[23]
[24]
[25]
[26]

[27]

[28]
[29]

[30]

[31]
[32]
[33]
[34]
[35]
[36]

[37]

[38]

[39]
[40]
[41]
[42]
[43]

[44]

[45]
[46]

[47]

[48]

Disease Modelling, vol. 7, no. 1, pp. 262-276, 2022, doi: 10.1016/j.idm.2022.01.004.

N. Miswan, G. V. Singham, and N. Othman, “Advantages and limitations of microscopy and molecular detections for diagnosis of
soil-transmitted helminths: An overview,” Helminthologia (Poland), vol. 59, no. 4, pp. 321-340, 2022, doi: 10.2478/helm-2022-
0034.

M. Beknazarova, H. Whiley, and K. Ross, “Strongyloidiasis: a disease of socioeconomic disadvantage,” International Journal of
Environmental Research and Public Health, vol. 13, no. 5, 2016, doi: 10.3390/ijerph13050517.

K. I. Azzopardi et al., “Detection of six soil-transmitted helminths in human stool by qPCR- a systematic workflow,” PLoS ONE,
vol. 16, no. 9 September, pp. 1-17, 2021, doi: 10.1371/journal.pone.0258039.

R. A. Malik et al., “Enhancing soil-transmitted helminth detection in microscopic images using the chain code for object feature
extraction,” International Journal of Advances in Data and Information Systems (IJADIS), vol. 4, no. 2, pp. 181-190, 2023, doi:
10.25008/ijadis.v4i2.1305.

M. Werkman et al., “Testing for soil-transmitted helminth transmission elimination: analysing the impact of the sensitivity of
different diagnostic tools,” PLoS Neglected Tropical Diseases, vol. 12, no. 1, pp. 1-20, 2018, doi: 10.1371/journal.pntd.0006114.
A. Montresor et al., “The global progress of soil-transmitted helminthiases control in 2020 and world health organization targets
for 2030,” PLoS Neglected Tropical Diseases, vol. 14, no. 8, pp. 1-17, 2020, doi: 10.1371/journal.pntd.0008505.

E. T. Donkoh et al., “Evidence of reduced academic performance among schoolchildren with helminth infection,” International
health, vol. 15, no. 3, pp. 309-317, 2023, doi: 10.1093/inthealth/ihac044.

O. Holmstrém et al., “Point-of-care mobile digital microscopy and deep learning for the detection of soil-transmitted helminths
and Schistosoma haematobium,” Global Health Action, vol. 10, no. 3, 2017, doi: 10.1080/16549716.2017.1337325.

L. Lin et al., “Combining collective and artificial intelligence for global health diseases diagnosis using crowdsourced annotated
medical images,” Proceedings of the Annual International Conference of the IEEE Engineering in Medicine and Biology Society,
EMBS, pp. 3344-3348, 2021, doi: 10.1109/EMBC46164.2021.9630868.

T. M. Ghazal et al., “Alzheimer disease detection empowered with transfer learning,” Computers, Materials and Continua, vol.
70, no. 3, pp. 5005-5019, 2022, doi: 10.32604/cmc.2022.020866.

J. Wang, H. Zhu, S. H. Wang, and Y. D. Zhang, “A review of deep learning on medical image analysis,” Mobile Networks and
Applications, vol. 26, no. 1, pp. 351-380, 2021, doi: 10.1007/s11036-020-01672-7.

S. Sarkar, A. Sunil Menon, G. T, and A. K. Kakelli, “Convolutional neural network (CNN-SA) based selective amplification
model to enhance image quality for efficient fire detection,” International Journal of Image, Graphics and Signal Processing, vol.
13, no. 5, pp. 51-59, 2021, doi: 10.5815/ijigsp.2021.05.05.

H. J. Yu, S. R. Cho, M. J. Kim, W. H. Kim, J. W. Kim, and J. Choi, “Automated skeletal classification with lateral cephalometry
based on artificial intelligence,” Journal of Dental Research, vol. 99, no. 3, pp. 249-256, 2020, doi: 10.1177/0022034520901715.
S. Almabdy and L. Elrefaei, “Deep convolutional neural network-based approaches for face recognition,” Applied Sciences
(Switzerland), vol. 9, no. 20, 2019, doi: 10.3390/app9204397.

M. Polsinelli, L. Cinque, and G. Placidi, “A light CNN for detecting COVID-19 from CT scans of the chest,” Pattern Recognition
Letters, vol. 140, pp. 95-100, 2020, doi: 10.1016/j.patrec.2020.10.001.

W. Tao et al., “EEG-based emotion recognition via channel-wise attention and self attention,” IEEE Transactions on Affective
Computing, vol. 14, no. 1, pp. 382-393, 2023, doi: 10.1109/TAFFC.2020.3025777.

E. Guirado, S. Tabik, M. L. Rivas, D. Alcaraz-Segura, and F. Herrera, “Whale counting in satellite and aerial images with deep
learning,” Scientific Reports, vol. 9, no. 1, pp. 1-12, 2019, doi: 10.1038/541598-019-50795-9.

A. Fuentes, S. Yoon, S. C. Kim, and D. S. Park, “A robust deep-learning-based detector for real-time tomato plant diseases and
pests recognition,” Sensors (Switzerland), vol. 17, no. 9, 2017, doi: 10.3390/s17092022.

H. C. Shin et al., “Deep convolutional neural networks for computer-aided detection: CNN architectures, dataset characteristics
and transfer learning,” IEEE Transactions on Medical Imaging, vol. 35, no. 5, pp. 1285-1298, 2016, doi:
10.1109/TMI1.2016.2528162.

T. Tuncer, S. Dogan, and F. Ozyurt, “An automated residual exemplar local binary pattern and iterative relieff based corona
detection method using lung X-ray image,” Chemometrics and Intelligent Laboratory Systems, vol. 203, p. 102257, 2020, doi:
10.1016/j.chemolab.2020.104054.

A. Rivas, P. Chamoso, A. Gonzélez-Briones, and J. M. Corchado, “Detection of cattle using drones and convolutional neural
networks,” Sensors (Switzerland), vol. 18, no. 7, pp. 1-15, 2018, doi: 10.3390/s18072048.

J. Schlemper et al., “Attention gated networks: learning to leverage salient regions in medical images,” Medical Image Analysis,
vol. 53, pp. 197-207, 2019, doi: 10.1016/j.media.2019.01.012.

H. Yang, J. Y. Kim, H. Kim, and S. P. Adhikari, “Guided soft attention network for classification of breast cancer histopathology
images,” IEEE Transactions on Medical Imaging, vol. 39, no. 5, pp. 1306-1315, 2020, doi: 10.1109/TM1.2019.2948026.

W. L. Alyoubi, M. F. Abulkhair, and W. M. Shalash, “Diabetic retinopathy fundus image classification and lesions localization
system using deep learning,” Sensors, vol. 21, no. 11, pp. 1-22, 2021, doi: 10.3390/s21113704.

Y. Chen, H. Y. Liao, S. Behdad, and B. Hu, “Human activity recognition in an end-of-life consumer electronics disassembly
task,” Applied Ergonomics, vol. 113, no. January, p. 104090, 2023, doi: 10.1016/j.apergo.2023.104090.

M. W. P. Maduranga and D. Nandasena, “Mobile-based skin disease diagnosis system using convolutional neural networks
(CNN),” International Journal of Image, Graphics and Signal Processing, vol. 14, no. 3, pp. 47-57, 2022, doi:
10.5815/ijigsp.2022.03.05.

L. Ali, F. Alnajjar, H. Al Jassmi, M. Gochoo, W. Khan, and M. A. Serhani, “Performance evaluation of deep CNN-based crack
detection and localization techniques for concrete structures,” Sensors, vol. 21, no. 5, pp. 1-22, 2021, doi: 10.3390/s21051688.
Vijayalakshmi A and Rajesh Kanna B, “Deep learning approach to detect malaria from microscopic images,” Multimedia Tools
and Applications, vol. 79, no. 21-22, pp. 15297-15317, 2020, doi: 10.1007/s11042-019-7162-y.

A. Madduri, S. S. Adusumalli, H. S. Katragadda, M. K. R. Dontireddy, and P. S. Suhasini, “Classification of breast cancer
histopathological images using convolutional neural networks,” Proceedings of the 8th International Conference on Signal
Processing and Integrated Networks, SPIN 2021, pp. 755-759, 2021, doi: 10.1109/SPIN52536.2021.9566015.

J. Zheng, D. Lin, Z. Gao, S. Wang, M. He, and J. Fan, “Deep learning assisted efficient adaboost algorithm for breast cancer
detection and early diagnosis,” IEEE Access, vol. 8, pp. 96946-96954, 2020, doi: 10.1109/ACCESS.2020.2993536.

Int J Adv Appl Sci, Vol. 13, No. 1, March 2024: 46-53



Int J Adv Appl Sci ISSN: 2252-8814 a 53

BIOGRAPHIES OF AUTHORS

Rio Andika Malik © B4 B © has first-hand professional experience in IT quality, process,
and performance management, and Agile Software Development and he is a data sciences
enthusiast. He is passionate about contributing to the body of knowledge by sharing with
public speaking and academic publications. He is working as a lecturer at the University of
Perintis Indonesia West Sumatera, Indonesia. His research interests include data sciences,
UI/UX, agile software development, and agility. He can be contacted at email:
rioandikamalik@upertis.ac.id.

Marta Riri Frimadani g 12 graduated from the Natural Resource Management
Program. She has experience and interests in data science, accounting, auditing, and natural
resource management. Her research interests include data sciences, accounting, economic
development, and natural resource management. She can be contacted at email:
ririfrimadani@gmail.com.

Dwipa Junika Putra £ B8 2 nas first-hand professional experience in IT quality, and he
is an ICT Enthusiast. He is working as a lecturer at the University of Perintis Indonesia West
Sumatera, Indonesia. His research interests include data sciences, agile software development
networking, communication technology, and cloud computing. He can be contacted at email:
dj.putra@upertis.ac.id.

Enrichment of microscopic photographs by utilizing CNN regarding soil-transmitted ... (Rio Andika Malik)


https://orcid.org/0000-0003-3556-9769
https://scholar.google.com/citations?user=uFkyid4AAAAJ&hl=en
https://scholar.google.com/citations?hl=en&user=mWXHZtIAAAAJ

