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Tuberculosis Pathogen Detection Based on Improved Faster R-CNN

JU Rui-Wen', SUN Zhen', LI Qing-Dang’

'(College of Data Science, Qingdao University of Science and Technology, Qingdao 266061, China)
*(Sino-German Institute of Science and Technology, Qingdao University of Science and Technology, Qingdao 2?6061, China)

Abstract: In this study, a detection method for tuberculosis pathogens based on Faster R-CNN is proposed to detect
tuberculosis with higher accuracy and lower missed detection rate. First, the Mosaic data enhangement method is used to
expand the dataset to improve the generalization ability of the model. At the same‘time, the K-means clustering algorithm
is introduced to re-cluster the used dataset to generate the initial candidate box size of the paired anchor points. Secondly,
the original feature extraction network in Faster R-CNN is replaced with Res2Net, and all its convolution kernels are
replaced with empty convolution. This can bringa larger receptive field compared with the original convolution when the
number of parameters remains unchanged. Furthermore, the improved GC-FPN module is introduced to make the model
pay more attention to small ‘target information while being lightweight. Finally, ROI Align is introduced to solve the
problem of deviation between the candidate box and the initial regression position. The experimental results show that,
compared with the original Faster R-CNN algorithm, the improved Faster R-CNN model has a 2.7% higher accuracy and
an 1.4% higher recall rate on the open data set. This algorithm has been verified on the dataset of tuberculosis images and
possesses high accuracy.

Key words: tuberculosis; deep learning; object detection; Faster R-CNN
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W I FEXT ST B HEAT M. Nayak 5 AP RS |

T HSI e 75 ] 73 FI A X373 R T S5 AT R 1
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PR ERVRIE T, AR S MRS A B T BLAE fi 4o 22
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/b [ 2 NI T — ok R B T 2 1 2 BRI AR
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HETRARTF 2 89.55%, LA L R 5 vEAG I 2R e e, {H
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Bt YOLOv4 HINNaEAF LR a5, FAS I B2 AL bR, (A
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LR IR T TTER R4S, AT LR B AT
T AR JE AR AL 7 S0 FEAT IRAFAE — %€ B R
210, BRI, AP 1 —Fh 2 T Faster R-CNN {45 %
o3 BEAAAS I B0k e SR f ORI, A ST B RO
T EFRENE S = X 2% R IRS 2, O HLIRAS SR B,

1 Faster R-CNN H ﬁ‘*ﬁ?ﬂﬂﬁjﬁ

Faster R-CNN'" 2 — 7l 5 21 5 0 2 s 25 5] B35, 3
FIF- H KA ARG%, & Girshick 2 AT 2015 4E42H1
HIEG T4 8 19 A5 KI5 7%, Faster R-CNN ilii 3] A
XA 4 18 170 2% (region proposal network, RPN) 28/ T
18 M — R % AT B bR BRI K, T A FkL
H G, WK MR B T A U S R B M. %6, RPN
TE 4N PRS2 8 R A A i AR AE, e 4
KR U] 43 S 635K 6 REJHE 4T V74 AV, A T 00
WAER H AR XK. 285, 434 ROI (region of interest)
Wk, 45 A 7 /I B 0 0 HE k50 2 A /I A
T, AR TR 7 A B L R, R A e
S RO F (R AEE AT bR 52 K130 FLHE [ . AR
25 ST PR 0 ) 3 1 11 45 S0 M 8 e L 1 4 A 9 B
2% . RPN W% Fll Fast R-CNN W 2% 3L [5]11Z5, 840 1 1%
S B bk 77 V5 TR 2 W B 1 g SR PR, ik
HEB I b A T SR B 4R T, Baster R-CNN 7E47 (k4
RSN o RG] S St eI A
PN A R AT 1 R 3 7 ik —, 9 E AR
ST SRR SR SRR AN P 1 R

2 FEF ik Faster R-CNN [ fit 45 K% 0 i 44
(R APS

R S5, ASCER T FhEE T Faster R-CNN [
SRR, B e, AR ALTE B 4R Faster R-CNN [ 2 it
I, @I Mosaic U 3G 98 7 0 B SR AT Y A, 1Y
IR, $EmBi Az ALRe 7, [ o] DU A 7 B8
NEITEFE AR B bR 285 51N K-means SERFIE, X
Jir FE 00408 2 5 RSk A IRt PR AR 46 g S A R /)8
XA 1) 5647, s Faster R-CNN A [ IR 45 Fr1iE
HRHL 45 (backbone) ¥ 4ty Res2Net, 45 H 5% 4
B N 23 i 4 A (atrous convolution), 765 JE 2 FUAH
LS ARG, K 7R B, [ Ao
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#1%, B PANet i 3K 215 B B 25 5 163 2] 5 )2 T
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il A R A R R P [ B B A (K D6 /N B bR AE ., A
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1E Faster R-CNN PR 3 i T SRR AE S AR il
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TEAE S AR IC A 2 [F) (R 22, AT 2 B 281 Akl
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K 2 Frw, x BOSPRIE R 98 RE, y AR R R

IoU=—"—"= (1)

100
80

60

\

4 40 1

]

20 | *°

10 20 30 40 50 60 70 80
K2 K-means 451K

2.3 Res2Net-Atrous

BT il 45 %0 S5 R B T/ B A, RRAE A R, SR AR )
1t Faster R-CNN A5 2 56T il 25 4% 9 i A2 AR AAE B B3k
A, 25 5 ISR B TR A R 1 O, DALk, AR ST
Faster R-CNN 4R IESE BUREL E #y Res2Net, F£45
HH IR A AR A 30 8 46 g 2 VR o AR DLk 380 B 4 1) e )
ROR.
231 FiAHEM

2 (atrous convolution)t g — Fh 78 7R i 2%
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(a) ResNet

T 14 FR“Res2Net” =& “residual relation network” i fii

I, SR T LS T B 2 ST B L A X 2 R 3% 2
Fy A .

(LGSR S STHE, i ResNet!", BARTE LbIRIE]
(A7 5 TR T ERRN, (U2 R BRPE, S
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TR, WA R LTI . FIE. SRR
TAS1Y, BRI 75 2 s 45 AT R 42 R

Res2Net AL 51 A1) -AgEiH. 69 e
5 T 2 51 7D R (5 HEE . S O 47 4 W R
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R

4 ResaNet th, 2 et i S U 24
S, A 1 TR RS E WS, 545 ik 4
SRR T2 TN, T RIS MO . 5 4 %
g 8 75110 24 T LT A 22 =1 B % RS SR £ 8,
TR T 4 0 36 e 1A A A

W T AR 3T & RS LA, ResaNet 36 ELAT 1B
A5 T U0 . T HIFATH BT, Res2Net H
St T s 5 M 5 4 W LA 5 /0 B 2 MR R SR
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(b) Res2Net-Atrous
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2.4 GC-FPN f&R

T B A i 5 A AR R R AE SR BUSCR, BIN
23k 5 19 GC-FPN s, 75440 FPNU Y At 38 n
— BRI _E R BRI G, g T IRE S TR 2 R
1%, BRI A ML (PANet), 75] ALJFAEFR (Ghost-
Conv) H1 CA JE & FIHUHI, X 55 J i H (0 REAE AT Ak
R, A A A PR [ B B A (R DG /N H AR AE ., AT
P AR TN H BRI U35, GC-FPN 4
I 4 s,
2.4.1 PANet

PANet (pyramid attention network) & —FfH+ H
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FRAS AT 25 HRIVR B 2 2] 2R, "EAE 2018 4F A RBHE,
oAt PANCt R0 BIFTAET 3\ T 755t
v 5 TR, DA R PR 22 R SO £ L, AT
SR AR P R F 5 bR T 2% (8
T 7R AL TR LR ) B, 7R 2 RS
P T A 45— 2 BRI PANet I FE 5 4 1
AN L P R TR, ST BERE L B
VMR A TR £, Mﬁﬁ&ﬁ#ﬁmﬁ;@%a@ﬁmﬁ
SRR T R R AR A . SR A2 58
B B 7 2 %%ﬁﬂﬁ FobRl L i
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3x3 GhibstConvy

\/

3%3/2 GhostConv

3x3 GhostConv

3%3/2 GhostConv

3x3 GhostConv
-
3x3/2 GhostConv
3x3 GhostConv
b
3x3/2 GhostConv \ \
% - ¢
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ALK, PANet h%&.éﬁ%&/\ﬁ NS
LR Tﬁﬁl:ﬁ’]{%% AT S e 4 0
SIWUHITE A 2 2 18 AT 135 BAL i A AE R A 76
W FDERE R, AR AR A B A IR AE, DL
BRI R SO B T R L @ 4 5] 4
A ALE A7 B £ 7 T AT, A X B R 9 R
[F 5% B PR AE IR S, LA E— 25 3R THRSE ek B ). it
SSCRIORE 0 Y T R HE 22 LRIV B S, PANet AE%
AT T A% R R AN R 14 A, 328 T %/ H
ﬁfrﬂijﬁ bR R e 7, 3% o T H AR I A Tk

ERIEREYE. PANet 2200001 5 FTR.

i
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242 ZJHAEM

L1521 (ghost convolution) A& — TR & 2
HE!JE@%%HET%YE, LB TR A BT B R AIE 2205 RE ) A
ZAERE. BRI O BAERES R T G
%'DWI‘E"J“ZJ?/LL S A5 N TE W DL ) B @ TE
5 B AVEA & )\AffﬁiﬁﬂﬂﬂTfﬁ{EEﬁgﬁﬁﬁiﬁﬁa
FE. FLARTTT S, 408246 AU K S N RRAE B 43 B 3 i
ML) BTE PB4y, H I8 IE AT I8 SR AR, [
IS X 4] 5 308 T8 BEAT 22 1R AR A5 BB O RHAE I, AR5
PR 43 R A I A5 21 e & i L X PP s T A L)
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e 1 R EOR T A R B ) A PR
243 CAVERINLH]

72 B AR R IIAE 55 H, IR B I HLE AT AR e
RO S5 HARRRAE I DGV R B, AT 38 it H B4 00 1)
YERA YA S 1t i B T AN R R AR AL R, v
JIWLE AT A o ORI R H G 5 H AR A RIS
B 0 ST, 1R H bR E A4 R R RE, s
RUAE 52 %37 50N B S SR At B 5 K B R AERE /0. DAL,
FATHE Faster R-CNN [ EF ML A CA R/
#1] (channel attention mechanism)!"”. CA V% & WL
0 FE AR R X TE 2 TR] R SR R ME HEAT B, Bh S
Hi B AN ) 30 T A, A AR BE % B A o Al
PR TE (A AR G, AT 1 AR I RE /). B

AT &, CA R AT HUBIE S 7E R AE L 1 A Jeieg |

BN R B, 95 4 P 2 RO oA S
54 4 AR R ST o A 7 B A4S
PR 5 AL R . R 19 CA T )
LA 5 AR 7 L 0 5 0 A S5 E R L
A, AT 5 T W4 4 B ) FIZ AL, CA
PRI 0 6 R,

C7
T 3%3/2 Conv

3x3/2 Conv
P6

c6 @ 3x3 Conv ’O

T 3x3/2 Conv

P7

O 3x3 Conv O
*

3x3/2 Conv
P35

1x1 Conv 3x3 Conv 3x3 Conv )
@ @ A

2x UpSample 3x3/2 Conv

1x1 Conv ¥ 3x3 Conv 3x3 Conv <,
i —o0—a— @

2x UpSample 3%3/2 Conv

P3

3x3 Conv N .

Bl 5 PANet 425y &

2.5 ROI Align

FEJE U Y Faster R-CNN 2%, S H] ROI pooling™
NARFAIE B i UM 0 X I500F B R RRAE, DA S5 2R 1)
H br43J5F5E L. {5 ROI pooling 17 7EAF 5451 2 A1 %% ]
S FLH Il L, DR A P A A 0 S R4 {1, P R S
O ROL P4 S REAE AN B R, T AE /N H AR s

I1x1 Conv x

C3
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TR AL R RV, BT LAFRATIR A T ROI Align,
H AT ROI pooling [ 3= B 45 75 T 5 RS Ay Hu X 55
MR X I (ROT) W HIFFIE R &R, #4507 EEE R
R 2, MIHE S 7 Hbrk AT 55 oot /N B As Al
ST (AL EERE ), JE TSR TR DR B RN i A
T . ROT Align* f 58 i aff 1) 4 41 7 XA 7R 118 1R
B RS EGEE ER B R —— X R, G R
7 ROI pooling H ] g H AL 7 [A]45 S 403 2% v 7L, {615
*ﬁ?&ﬁé@%%ﬁ%i@iﬁ&%ﬂlﬁlﬁiﬂgﬁB‘J Hiw, #ém 7
A 00 7 e R 5 A . A SR F Y Faster R-CNN
o 7 g L e T
»

Input
Residual CxH*xW
CxHx1 l X Avg pool | I Y Avgpool | cxixw
I Concat+Conv2d | Clrx X (W+H)
v
l BatchNorm+Non-linear | Clr<1x(W+H)
v Spiit L 2
CxHx1 | Conv2d Conv2d Cx1xW
¥
CxHx1 | Sigmoid | | Sigmoid Cx1xW

Output

6 CAYE R LI
5

-
3 SEIGWE 525 BT
3.0° SRR

A SCHTA S8 R B SE B M B G B a3 1 fr
. FERE RN ZRI B R I SRS 800 T : WliR 5 > %
0.001, WIZkHLYCH 8, YIZREE IR 200 5, RIS
#fd F] Faster R-CNN B8 BRI .
3.2 HiR&E

ARSI AT SIS K H B0 5608 Kaggle B A TR
— R RGBS, RE SELE R E sk
SEIG L Wi B e (Makerere Automated Lab diagno-
stics database), U H T K H K %12 & Bt (Mulago
National Referral Hospital), %5035 5 B2 1H 1 RFEK 4K
A AFVRE A2 Sk A I R B R A . JRAT TR i 2 43 il
SR8 SRR AL, BAKELGI ] 8 Fros. it
LA PASCAL VOC #% AT hRid.
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W
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Res2Nel Atrous

N

be\ _pred

@

(lsJIOb

-
N \ ] Y7 B I Faster R-CNN HEH 5 1]

UN
R SRR

fic & ZH
BIERSR Windows 10 64 bit
GPU NVIDIA GeForce RTX 3090
CPU Intel(R) Core(TM) i9-10900X CPU@3.70 GHz
WAF 64 GB
TR % S REZE PyTorch 1.8.1, CUDA 11.1

Test

0"‘

Validation L Y
8 ﬁﬁ%{bﬁﬂ@?ﬂﬁ\& g
33 e 0
g T R I S 47 % LA, A VR
FIS A $i b 47 i % (Precision, P). I (Recall,
R). “PIHEWZ (AP) BAZE N 0.5 I~ 3045 FE 1A

(mAPO0.5). BARTHE A X F:
- TPY-;-PFP @
1
AP = f OP(R)dR “)

1 n
mAP = ZAPi O]

Horb, TP iR IERR I IEREAR S &, FP NIRRT
IEFEAREE, FN NiRA R AR, AP Rk
— R AIFEA Y PR (Precision-Recall) Hi 2k~ (1),
mAP0.5 52 IoU (intersection over unit) F{E %5 T 0.5 &
FIAG RABEA ) AP 318, H T A0 T A 28

im0\ Y
34 HekEIH L

A S ﬁ!ﬁ%ﬂﬂisﬁ Faster R-CNN [¥]#1 5 %
;bm\'mﬁ’ HORJHJE S Faster R-CNN 5% 5 %
1@%2!:1%25@&9@;&, HARARW (6) Fis.

m Z,: Las(pi-p; ) + /IWeg Zi:p?lqeg (1.1)
(©)

Ferpr, pi v anchor TNy HAREIRESR; prtnnsk (7) P,

FIRIF S TR AAE, TEAETU 1, 2T 0.

*® 0’
pi - 1’

Hor, /e — A, AR T B ¥ bounding box [
Al ey &, AR TN B AR 1 /2 5 positive label AH X &2
] bounding box [ 4 MR, K E L HAR; Lass H
FrAEE B AR #edin 2k, BARun = (8) Fros.

Las(pi-p;) = —log[pipi+(1-p]) (1 =p)| ~ (8)

L{pi}.{t:}) =

negative label
positive label

(N
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Lreg /2 [P bR 25, 4030 (9) BT, 7EUIIZ% RPN
3 R rh, 38 1% 256 4 anchor, T LA N FAE 5t
& 256.

Lyeg (1.2) = R(ti = £7) (9)
N T BAEASC TR B o Faster R-CNN BB 7E

IS 35 A% 9 S A e W b LA L R M SO R 2 2T g
K o3k 5 #O Faster R-CNN #7 5 JH 45 Faster R-CNN
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SPEBE N, R il G5 %0 S AR R s RS FE AN T4 =, JIE
A 243t 5 1 Faster R-CNN B AUk I R B 4, BB
LI

| —— Train loss
1.8 | ) | = Val loss -
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T hasem-Fe,
16 f » ~ - ! -
a2 15 1
o
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1.8
216
—
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*£ 2 AL

J71% Mosaic K-means Res2Net- GC-FPN Precision Recall mAP0.5
Atrous
[ R— — — — 0.747 0.773 0.831
56213 I — — — 0.753  0.775 0.833
[ p— v — — 0.757 0.774 0.835
gk — — R — 0.758 0.779 0.841
i — — N 0.759 0.781 0.839
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K7 v v 0.774 0.787 0.857
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ﬁs »,\ﬁu&a&ﬁ
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BRI 11,

IR L, FRAIR TR R,

BT R aa AR A
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B iZ AL SSD A YOLO Z #1574 3k 17 % Eb sk
B, IR LR 3 FoR. 38 S0 45 R AT AE F,
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