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Tuberculosis Pathogen Detection Based on Improved Faster R-CNN
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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 enhancement 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 bring a 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.
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SERERFER ) TR, 2022 R EEFE R B
$74.8 13, NAFREE 3 KA m U E 2K, 58 T1%0%
N#ZIH3 7.

it 45 K% 998 (1012 Wt 7 32 3 A R 45 A% T R ARG 2 R
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BEE THENLR R E R R, N LR Re i B G
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ZHRIZW . ZBAARIT AR IR T R R, H
BRI g TH SRR B S35 1) — AN 72 7 ), (E R %
SUSAS R TV S, W CT KL IS Ik o 4%
FHHATERIERAY.

EREEIAPI¥ Sl PNIABGBR 352 A S P oall | v
X 24 Sk Stz B X6 45 A% 098 (AR . AN e S NIRRT
Top-hot A8 AT B B 14 5, 451 58 5 1 UG A
b, FESINT HERFIH 5B RHIE DL R — AN 5%
RIFAE, 2 J5 8 BP W37 Hbs 22K, SR 5 HL
PR SRR GERAT B AT R . Nayak 2 NI H 3k
T HSI Zie =% (] 43 AN X 45853 28 87 T S5 B 1 H
BNAGAT I, DA b9 oot A FH A% G S0 S5 AT B AT
I BT 7T, ARG MRS B A0 R0 A0 b T B 1 T A 4
D) 26 RN 5 2 > S0 A I 7 VR AT BT AN A2 5 1 i
atx NPUR R VR B 52 S Ab 3 )5 3, ¥ Faster R-CNN H b
RSO 1 5 5 2 A AR 485 B, %o S5 A% B R AT R0, A
D 2 NI T — Bk R B T 2 1 2 BRI AR
G5 110 ity &35 A% 2 i AL I 77 ¥, A8 9546 s 285 4% 5 9 A
HER SRR TE 2 89.55%, LA WA 5 ik A6 I R 8247, (H
KA SHREKR, SERNEEZRRE. Tk
P T 22 R R YOLOV4 4600 il 45 4%,
7£ YOLOv4 Al B A% & A6 1) MobileNetV3 ¥
4%, A T — RFB (receptive field block) #Ht R ik

2

Bt YOLOv4 HINNGEAFAE SR a5, FAG I B2 AR, (H A
RPEREROE A R .

LR AR T TTER R4S, AT LR B AT
T AR JE AR AL 7 30 FEAT IRAFAE — %€ B R
210, BRI, ASCHE 1 —Fh 2 T Faster R-CNN {45 %
T3 BEAARAS U B0k e SR 0f BRI, A ST B A
T EFRENE S = X 2% FORLIRS 2, O HLIRAS SR B,

1 Faster R-CNN H FrAs il 52

Faster R-CNN & —Fftiy 2] ity (R 98 B 2 ] 515, &
FAF H BT %5, ' 1h Girshick 55 AT 2015 4F4EH.
AH LT AL G 1 B ARAS I 77 7%, Faster R-CNN @i 5] A
X Ik 1L M 4% (region proposal network, RPN) SZH T
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P IR, WK H B S 1 k0 T B AN ERA . B %%, RPN
FEH N BG83 o EORAE Rz ik HARAE, 8] 4y
AR U5 43 SO X LEHE 147 TF 73 A 8, AT S X
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LAY, K AN TR DR /I P A 1 AE B 555 28] [ 58 R/ IR RFAGE
b, REFTRHER AL EE R &, FH2EEZ
XF RO A RPRFAE HEAT B A5 73 R A FEAE RN, 2 A
2% >R FH v 3] 3 6 )1 % SR I, 38 e L = )RR AIE i O
4. RPN W45 Fast R-CNN W2 3L [R)I 25, kb0 1 1%
gt H sl 75 5 T 2 B B I SR RE, 58 FE 7 S FE A
HERf 1 EERHNAS T W $&FF. Faster R-CNN fEY) &K
W AT NI A58 37 55 73 W S5 AU AR 21 )2 M A,
A B ARSI AT Y IR TV —, SR H Al
FRME 1SRRI BOR SCRE. HAR R 4k B an ] 1 o,

2 Tk Faster R-CNN [ fit 45 K% 0 J 44
(RIK AP

R S5, ASCER T FhEE T Faster R-CNN [
SO, B e, AR ALLE B4R Faster R-CNN [ 2 4ill
I, @I Mosaic U 3G 98 7 50 B SR AT Y A, 1Y
IR, $EmBi Az ALRe 7, [ ] DAL A 7 B8
NEITEFE AR B bR 285 51N K-means SERFIE, X
Jir FE 040 2 5 RSk A IRt PR AR 46 g S A R /).
XA 1) = 5847, 5 Faster R-CNN A [ IR 45 FF1iE
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B N 23 i 4 A (atrous convolution), 7E 5 JE 4 FUAH
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) GC-FPN #iHk, £ FPN [J5EAt E5I N T B A L
#1%, B PANet i 3K 215 B B 25 5 163 2] 5 )2 T
B, 5 ANLI BB (GhostConv) A CA 17 /1HL
i, A R A R R P [ B T A (K DG N B bR AE ., A

T3 BB AL /N B AR AL AR, &5, 51\ ROIL
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GE 1B = H R A B A — 5 1 22 BT = AR B A DG e 7] &t
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Mosaic $4 8 952 — B A 139 9 )1 25 500
LRI, MR B RS R E AR
e AR P4 4 G il — 5K 37 B, 7T DAAS B R E R R A A
B, B IMEHE 4 I E R, AR BRI E. M HZ
JHEAE BENLYE U Dh e, 200 46 iU PR AR B G R
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7f Faster R-CNN #8! ip| J@ i vF B AR IEAE 5 FRid
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IEHNE SRR IEHE 2 (A R 22, ATRTRA 2 B 2% 1) H A ks
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2.3 Res2Net-Atrous
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Faster R-CNN IHRFIESE BUREL B #y Res2Net, F£45 3
HH IR A AR A 0 8 46 g 2 VIR o AR DLk 380 B 4 1) e )
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231 FiAHEM
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3


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

U b G B URAE, SR RME PR
A —E R R . A2 48 106 B AR Il 1 1 30 6 A%
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OAREE 1PN AL ATt ke AV plii Uk sk At 2 S DN
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FH—ATFRERR 2 EREACE. BT F
TGRS HOL A, ot S8 I A G 2 R 1)
IR R £, T HAE S RSB A S B E AR
THOLT, KT 2B R, FATTH Faster R-CNN
AESR I AR A B 4 9 2 IR A AR
2.3.2 Res2Net
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(a) ResNet

BRI 4 FR“Res2Net”Hl /& “Residual Relation Networks”
PR TETRR, SR T Tk 22 2 ST L DL R xS 2 RUEE
KAMBERIEE).

FEGERIRFE 2 SRR, U ResNet!), BARAEALFE ]
BAES IR T BRI, (AR — e s R . o
—ANFE T AR REE S BRI L. RIS
SN , YA REERHIER . M. RANERER
MARA, RIS T 2 RE AT Rt AL B D 22 RS 2.

Res2Net i 51 AN FAT I 5~ W2 S5 40, (15 25 g
% [] I 2% 23 AN 8] ROBE FRFAE R . X P IR AT 25 M AN TR
TAEG B A, R 2 AT E T F— K
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BN RS

1E Res2Net 1, BNk ZHM B iH N BH 245
3, BN A B O RIBCEFURFIE B, SR )5 IX Ly
SRR 12 0 2 A N, T2 R 25 1) i . X0 4 S 4G
A1 75 9 286 ] DL SE A i 2 3] 31 2 RO R AE S 2.,
NTIE = R S VN A [P i

Bk T AP RS B46, Res2Net i B THE K
A G TN R s i T HORAT YT, Res2Net AH
XFTAE SR 3 & 450 B A D K S 5 E A A
S A U RFIE PR B B Res2Net-Atrous W1H] 3 FioR.

y

(b) Res2Net-Atrous
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2.4 GC-FPN f&R

T B A i 5 A AR R R SR BUBCR, BIN
23k JE 1 GC-FPM 58, 76248 FPNU I 3 At 38 n
— % BRI LR ERAR I 0R, 4k T RE 5 TUZE Z [
1%, BRI A W% (PANet), I5] NLJEAEFR (Ghost-
Conv) H1 CA JE & FIHLHI, X 55 J i i (0 RRAE AT Ak
R, A A A P [ B B A (R DG /N H bR A ., AT
P e BB T/ H bR AT I 28R, GC-FPM AR
e EE 4 Fios.
2.4.1 PANet

PANet (pyramid attention network) & —FfH+ H

\

1x1 GhostConv 3x3 GhostConv

2x UpSample

3%3 GhostConv

1x1 GhostConv

2x UpSample

3x3 GhostConv

1x1 GhostConv

2x UpSample

1x1 GhostConvy

° 3x3 GhostConv

PR INAE 55 HOTR B 25 ST S84, "EAE 2018 4 b R
KA. PANet 2 O BIFIET 5N T &7 8
FTE B AL, DA oA 2 R RIS B, T
FETT F AR AIVERE. 1% 580 H ARG 75 V25 10 % 1 TR
Ik 7 B R AL BEAN R RUBE ) H AR, (HAERFAE AL A A5 2
3 T HAFAE — E R BRYE. PANet I FERMIE &7 35
HIREAN GO LN BRI, SEEL T B RS #5)R
UCIVRFAEAS ELANRE £, AT CRAFIFAE 7 2 1) R I 78
PRI T AR R BRI E S B XA &7 8 0 B
IR AL A5 2% RE % B8 4 i 3R H AR B R STE R
AN S, MITTHE iy 1 A I (A P A8 i

3x3 GhostConv

\/

3%3/2 GhostConv

3%3/2 GhostConv

3x3 GhostConv
—>
3x3/2 GhostConv
3x3 GhostConv
‘a—v ——
3x3/2 GhostConv
3x3 GhostConv
—>

4  GC-FPM FHelasy &

BAKRTE, PANet ¥BHHEE T35 N H i R
T AN E i R E, S8 5 i i 1 m) s B R
JIWUHITESA B G 2 AT (S B AL S AR AL A . 72
BB AR R, R RRAE M AL 1 AR E A, DAL
FEFE M R S B A R AL E 2 5]
ANRRAE A B () T B BT, A Bt 1 b o i =k 55 A
[Fil 7 B AR B, DA — 3B AR FHRFIE R IR BE . il
XK O BT R AEAS HAIVE B 0L, PANet fiE0%
4 b 3 B A5 bR RE RN 2 10 H AR, B TN E
FRAE RS H bR (R BE 1, B SR T H BRI 1
AEANE . PANet 220111 5 B

242 ZIFEM

Z)5 5 (ghost convolution) J&—Ff FH T I B 2%
SRR ERAE, H B R4 AL (R AR AR Ak e ) A
ZAtERE. RO BAERES BTG
AAME L) SE R IE, (F45 5N 8 7] DL 2 5] B F ol iE
MM BRI A A, TGN 7R AR ) 2 R PR A 5
B BART S, 41524 FUE 4 S N\ REAE B 2 i 32 @ i
L5 I8 E P4y, FE 3238 8 3 AT Bl S AR AE, [\
I SXoF ) 5308 A AT 2 M A H A5 BT AR I, AR5 K
A0 20 R AE A D A9 21 S 28 i o R THE A5 4]
AR A HALAM (G BORFE R B R R, M
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i T A TR AR B AL B g

P7
7 O 3x3 Conv ’O
T_3%3/2 Conv
3x3/2 Conv
S P6
6 '@ 3x3 Conv ;O
3x3/2 Conv 3X3/2 Conv
P5
1x1 Conv 3x3 Conv 3x3 Conv ™
QU@ @ e
2x UpSample ‘ 3%3/2 Conv
1x1 Conv X 3x3 Conv 3x3 Conv 1<,
WQ e e
2x UpSample _§X3/2 Conv
IxI Conv 3x3 Conv P3

c3

Bl 5 PANet itk

243 CA EREIHLHI

78 B bRRIME 55, D0 B LI AT DL = A
R OG5 HARRRAE I DGy FR B, AT 38 5 H AR AS I (1)
TERA PR Bl 1t @i B3 AN [F AR AL, VR
JIWLA AT LA b 5 SR G 5 B AR AR SIS
B, AT ST, B AR E G AN 3 I 1 RE, 9
RUPE S 28 Iy s I 1R B FH i it 5 5K (R R AR RE ). R,
FRAHE Faster R-CNN [ £ M 2% i CA VER J1HL
#l] (channel attention mechanism)"'"!. CA %7 /7ML 1)
120 JELARL 2 30 3 S0 T 2 [ PR R TR PR R AT R AR, Bhas
by ) AN (] 30 3 PR AL R, S A5 AR e A% B A Ak
PRI IE Z (R AH M, T3 = T RHIE R e ). R
TS, CA VR AL I 7ERFAE B B AN EiE b
GINA R, AR5 8 i A T 3 AU R AT
AN B TE I BCE, $5 5 R X S 3fe DL AR RFAE
EI1S B IAUS R IE R . IX PR T3 CAER )
L] B A% AR A1 A (7] 368 3 P B S 2 25 1 U0 AR A1 (1) A
H, MG T W2 BRHIE R IA RE 1Rz A v fE, CA
HEE SR ZE R & 6 Bk,
2.5 ROI align

TEJEUE K Faster R-CNN 2%+, 5] ROI pooling™
NRRAE P H i R 0 X 3] B2 [P 4R AAE, DA 5 82 11
H 573 2 A15E 7. {5 ROI pooling 17 1EA5 B4 < F1 2% 7]
SR FLI e) A, DR S B R AN A R A E, T RS
O ROL P4 S REAE AN B R, T AE /N H AR s

6

FRAAT AL B RIAE. BT AFRATTR A T ROI align,
HAH LT ROI pooling [ 32 B #4575 T 5 RS Ay Hu X 55
JEOGER X I (ROT) N IRHAE MR R, b 15 B &2k
AR R Z, T3 E 1 H AR AL 55 s s B AR
SO0 AL BERE ), BETAR TE 1R MRS A 52 i v
B 5. RO align'"™ 10 5 Jin o it P04 2 7 368 7547 P
ERBREREIRBER ERRER — X5, A ROk
1 ROI pooling o] & HHLH 25 (45 B4t 2% 1, 1615
BT BR6 BE A 1ol B2 % A RO B H b, 42

E A I 12 B AN 5 M . #4502 J5 1) Faster R-CNN
R 7 Bros.

Input
Residual CxHxW
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 Split L 2
CxHx1 | Conv2d Conv2d Cx1xW
¥
CxHx1 | Sigmoid | | Sigmoid Cx1xW

Output

K6 CAERNHIZHE

3 EEEE SR
3.1 SR

A SCHTA S5 R B SE B M B A B a3 1 B
. FERERLYNZRI B R I SRS 800 T : W1iR 5 > %
0.001, WIZkHLYA 8, VIR 200 5, RIS
#fd F Faster R-CNN R BRI HE .
3.2 HiR&E

AT PAT SRR H B0 46 08 Kaggle B A TR
—NERR EG B SE, KRB SELE R E sk
SEIG L Wi B HE F (Makerere Automated Lab diagno-
stics database), U H T K H K 12 Bt (Mulago
National Referral Hospital), %5035 5E B2 1E T RFEK 4K
A AFVRE A Sk A I R B R AR . JRAT TR B 2 43 il
SR8 SRR AR LR, BAKEL It 8 Fros. g
LA PASCAL VOC #% 2 AT brid.
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Proposal
layer

¥<:

RPN

ROI align

Res2Net-Atrous

S

N &=
“m

(lsJIOb

K7 24335 () Faster R-CNN A7 28 44 €]

R 1 SERINECE

fic & ZH
BIERS Windows 10 64 bit
GPU NVIDIA GeForce RTX 3090
CPU Intel(R) Core(TM)i9-10900X CPU@3.70 GHz
W A7 64 GB
TR S RE L PyTorch 1.8.1, CUDA 11.1

Test

Validation

8 HUEAR LI DRR R

3.3 N IEHR
T RS (U R 8CR R AT 0T LE AN B AL, AR TUCR:
FHIIYE Fa 45 H1% (Precision, P). [0 % (Recall,
R). “FIHEMZ (AP) BAZE N 0.5 I~ 30K FE 31
(mAP0.5). BARTHE AR
TP

T TP+FP @)
TP
T TP+FN 3)
1
AP = f P(r)dr “4)
0

1 n
mAP = ZAPi ©)

Horb, TP iR IERR I IEREA S &, FP NI R T
IEFEAREE, FN iRA R AR, AP FRKk
— R FEA Y PR (Precision-Recall) Hi 2k F 1) 4,
mAP0.5 52 IoU (intersection over unit) F{E %5 0.5 &
FIAG RREAR ) AP 139MH, F T SR T A 28
AFEA R P RE HE L.
3.4 KR

AP R SE IR R XS Faster R-CNN (45 25 B
BOIAT Ok, MOR F 46 Faster R-CNN H (1453 2K 58 £
fﬁﬁﬂiiﬁ&m&%@ﬁ, BARA L= (6) s,

m Z,: Las(pi-p; ) + /IWeg Zi:p?lqeg (11)
(©)

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

FIRIF TR AL, TEAETU 1, 2T 0.

*® 0’
pi - 1’

Hor, /e — AN, AR T B ¥ bounding box 1)
A ey &, AR TN H AR 1 /2 5 positive label AH X
] bounding box [ 4 MR, K E L HAR; Lass H
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