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Abstract: The automatic detection of tuberculosis lesions based on medical imaging has become a research hotspot in
medical image processing. A comprehensive review of relevant researches and applications pertaining to deep learning in
tuberculosis lesion detection is provided, which elucidates the experimental benchmarks in tuberculosis analysis, covering
public datasets of pulmonary medical images and recent research advancements in tuberculosis detection and classification
competitions, introduces emerging trends in deep learning methods and applications in tuberculosis detection, and analyzes
the challenges existing in tuberculosis diagnosis using deep learning. The review summarizes and provides insights into the
research advances and challenges of these technologies from the aspects of technical characteristics, performance advantages,
and application prospects.
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Table 1 Competition information for ImageCLEF tuberculosis group from 2017 to 2022
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I 230 4 i
iR % :
A 214 4 EAsiyEoReioalll ROC i1k 0.5825
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MERAE 236 4% i et Lk [y
YIZdE . 677 % 5 . .
ImageCLEF 2018 WA 317 4 A B S Cohen's Kappa 0.2312
Il Z4E . 17044 58 ROC-AUC 0.7708
WEIADASE
MR 1094 WjriRs 0.7840
SVR-™ H 143 Ave 07877
YILAE 218 4 3% TR HEB 0.7179
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MRS 117 44 52 CTR-H 2l 2E st FHIAUC 0.796 8
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Figure 1 Workflow diagram of deep learning—based methods
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Table 2 Advances in tuberculosis detection using deep learning methods
oG/ = PR (FERIHESR) WEBME /%  BURE /AR % BUER%  FERE% AUC
NLM #¥i 4k ResNet101-XGBoost 98.85+0.55 98.03+0.72 99.71+0.28 99.70+0.28
Belarus %42 Rahman Z3¢] VGG19-XGBoost 99.42+0.39 99.28+0.44 99.57+0.34 99.57+0.34
RSNA i s DenseNet201-XGBoost 99.92+0.14  100.00+0.10  99.85+0.20 99.85+0.20
TBX 11K $ii4E B IRAFDT] TDT-Net 80.7 87.5
Dasanayaka %38 14 M2 (VGG16  Inception V3) 97.1 97.9 - 96.2
Nijiati 2539 TB-UNet (ResNeXt,U-Net) 90.0 74.5 - 97.9 0.968
) SwinT-Base 98.60 99.23 97.99
pUE I A .
MC HIEHIER 4 SwinT-Large 98.85 99.49 98.24
91.39 88.39 94.48 0.95
Pk RetinaNet B B B B
P RN I T Sl
86.23 75.86 93.75 0.93
(RetinaNet)
(MC) (MC) (MC) (MC)
Wang :42) 3D-ResNet 83 (test) 92(test) 57(test)  0.86(test)
MIP-MY
Guo %:[4] 85.50 96.59
(YOLOV4)
MIP-RY
SRS FfEp gl 87.50 98.42
(YOLOv4)
BEy- ek S itk YOLOv4 95.14 95.65
TH AT - JE i 45 Lo 3D-ResNet50 0.975(test) 0.951(test) 0.933(test)
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