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[Abstract]

Recently, there has been a surge in research within the healthcare and medical sectors that utilize Convolutional Neural
Networks (CNN) to analyze X-ray images. X-rays are a primary tool for non-invasively diagnosing various thoracic diseases,
including pneumonia, tuberculosis, and breast cancer. They are cost-effective and allow for extensive examinations. However,
traditional Al models for disease diagnosis based on X-ray images have intricate architectures and require several parameters and
vast datasets. This study addresses these issues by exploring and proposing an effective preprocessing combination method to
achieve high tuberculosis prediction accuracy with limited X-ray image data. This research suggests a preprocessing combination
method incorporating prominent data augmentation techniques such as Random Erase, Flip, and Augmentation. By applying this
combined preprocessing to the ResNet50 and EfficientNet-b0 models, we observed an average performance improvement of 11%
and 9%, respectively. Furthermore, we developed a web framework to facilitate easy access and use of the model with applied
preprocessing combinations. Users can modify the input image through this web framework and obtain Al-driven tuberculosis

diagnostic results.
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747 CNN; Convolutional Neural Network)[1] 7
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Table 1. Distribution of data in the dataset

Label Train(80%) Test
Tuberculosis 808 202
Normal 3112 778
Total 3920 980

:LE' 1. X-4 o[a|x] clolEAl (%]
Fig. 1. Example of X-ray image dataset (Left: Tuberculosis,
Right: Normal)
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Fig. 2. System architecture (Frontend: Streamlit, Backend:

Pytorch)
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i # Random erasing
|nput img, area_ratio, aspect_range

if random prob > setting_prob:continue
area = set_random_area(aspect_range, area_ratio)
h,w = set_length(area, img_h, img_w)
t,| = set_areabox_top_left_coord(img_h, img_w, h, w)
res_img = erasing_img(img, t, I, h, w)
return res_img

18 5. Random erasing2| 2(AlZE
Fig. 5. Random erasing pseudo-code

: # Random augment

s input img,num_policies
Composer = set_random_aug_compose(num_policies)
res_img = Composer(img)
return res_img

i # Transform policies example

:input img,rotate_range=(0,30)

: angle = set_angle(rotate_range)
affne = set_affne(Angle)
res_img = cv2.warpAffine(img,affne)
return res_img

18 6. Random augment2| SJAIZE
Fia. 6. Random auament pseudo-code



: # Random Flip
:input img,direction="horizontal’
i if random_prob > setting_prob:continue
if direction == ‘*horizontal’
return np.flip(img,axis=1)
elif direction =="vertical
return np.flip(img,axis=0)
else: # diagonal
return np.flip(img,axis(0,1))

a8 7. Random flipe| efAlms
Fig. 7. Random flip pseudo-code
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Table 2. Preprocessing combination evaluation result(Top:
ResNet50, Bottom: EfficentNet-b0)

Model Preprocessing |Accuracy | Precision| Recall| F1

None 85.6 78.2 90.0 | 81.1

w Rand
erasing
w Rand
erasing, 93.8 96.4 83.9 | 88.6
Rand augment
w Rand
erasing,
Rand 96.3 93.6 94.6 | 94.1
augment,
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