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Deep transfer learning based pulmonary tuberculosis lesions detection on DR films
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Abstract: To find solutions to the problem that the tuberculosis detectors based on the traditional ma-
chine learning method arepoor generalization ability and low detection accuracy, this paper proposed a
deep learning method based on focal loss to detect tuberculosis lesions called Tuberculosis Neural Net
(TBNN), which makes full use of pneumonia and tuberculosis as respiratory diseases and has similar
characteristics on chest X-ray. During model training, the feature extraction sub-network is pretrained
based on transfer learning to reduce the impact of insufficient tuberculosis chest X-ray samples. Firstly,
the feature extraction network was trained on a large open pneumonia dataset to obtain the rich deep im-
age semantic features. Secondly fine-tune the model parameters with the tuberculosis dataset and then
outputs were used as inputs to the TBNN classification sub-network to calculate tuberculosis lesion de-
tection results. The experimental results show that TBNN is superior to the traditional machine learning

methods in classification accuracy and performance. Compared with other deep learning detectors in clas-
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sification accuracy, TBNN is better, and its ability to locate lesion area has reached the level of human

radiologists.

Keywords: Deep transfer learning; lLesions detection; Pulmonary tuberculosis; DR films; Computer-

aided diagnosis
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The example of labeled tuberculosis dataset
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Tab. 2  Architecture’s abilityto detect pneumoniaon different training epochs (%)
Epoch
Setting
1 2 3 5 6 7 8 9 10
Se 802 781 802 728 802 830 857 857 734 872
VGG16 Sp 739 793 799 854 835 814 788 786 870 772
Youden 541 574 601 582 637 644 645 643 604 644
Se 120 237 859 784 841 813 915 845 845 837
VGG19 Sp 992 980 767 814 769 839 721 805 804 805
Youden 112 217 626 598 610 651 636 650 649 642
Se 848 795 859 873 809 859 816 869 837 809
ResNet101 Sp 774 831 766 767 818 763 809 753 779 805
Youden 622 626 625 640 627 622 625 622 616 614
Se 816 859 848 812 837 795 837 901 820 827
ResNet152 Sp 763 732 772 802 798 818 791 723 797 811
Youden 579 591 620 614 635 613 628 634 617 638
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(c) Cutoff connections of Resnet
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Epoch
Setting
1 2 3 4 5 6 7 8 9 10
Se 763 660 767 841 837 848 855 802 806 788
MobileNet128 Sp 834 895 840 763 784 775 772 810 807 833
Youden 597 555 607 604 621 623 627 612 613 621
Se 848 491 611 583 834 827 806 859 841 770
MobileNet192 Sp 739 927 907 920 822 800 803 758 757 841
Youden 587 418 518 503 656 627 609 617 598 612
Se 3 23 735 558 756 820 855 809 792 859
DenseNet121 Sp 1000 974 766 879 708 760 723 786 801 723
Youden 3 204 501 437 464 580 578 595 593 581
Se 692 784 431 350 749 855 834 806 827 855
DenseNet169 Sp 798 742 931 954 746 740 745 809 755 753
Youden 490 536 362 304 495 595 579 615 582 608
Se 18 134 654 661 781 862 852 841 802 862
DenseNet201 Sp 1000 987 833 861 774 747 745 770 777 718
Youden 18 121 487 522 555 609 597 611 579 580
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(d) Cutoff connections of Densenet
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Fig. 5 The connections of ROC cutoffs ondifferent training epochs withvarious architecture
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Fig. 6 TBNN Tuberculosis lesions detection model
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Fig. 7 ROC plot and PR plot for tuberculosis detection with different feature extraction network
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Model detection results of pre-transfer learning

and post-transfer learning
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Tab. 4 Compared withartificial feature extraction and de-

tection methods
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Tab.5 Compared with multiple salient-feature based data

augmentation method

A
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Tab. 6 Compared with single radiologist

BAEEL Ny N, Ny Ny Sensitivity Specificity

EA A 33 88 18 16 0. 67 0. 83
BB 33 102 4 16 0.67 0. 96
A C 34 103 3 15 0. 69 0. 97
TBNN 41 98 8 8 0. 84 0.92
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Tab. 7 Confusion matrix of radiologists’ reading results
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Tab. 8 Compared with combinationsof radiologists

B B A Ny Nu Ny Npo Bk Accuracy
B A+B 40 87 19 9  0.18 0.8
B A+C 43 87 19 6 012 0.84
Bt B+C 39 100 6 10 0.20  0.90
Bl A+BHC 44 85 21 5 010 0.83
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Fig. 8 The boxes of labeling the same DR film by Radiolo-
gist A and TBNN

(b)Doctor A (¢) TBNN
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