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End-to-end Chinese character detection in natural scene based on
improved YOLOv2

LIU Jie', ZHU Xuan, SONG Mi-mi

(School of Measurement and Control Technologe and Communication Engineering, Harbin University of Science and
Technology, Harbin 150080, China)

Abstract: This paper proposes an improved method based on YOLOV2 to solve the problems of low Chinese character
detection rate, difficulty in small character detection and various character detection categories in natural scenes, and
applies it to Chinese character detection in natural scenes. Firstly, k-means++ clustering algorithm is used to cluster the
number and aspect ratio of character target candidate boxes (anchors). Then the multi-layer feature fusion strategy is
proposed, the feature map output before the fourth maxpooling pooling layer in the original network is convolved with
3x3 and 1x1 convolution kernels and 4 times downsampling is performed to obtain local features, and the feature map
output before the fifth maxpooling pooling layer in the original network is convolved with 3x3 and 1x1 convolution
kernels and 2 times downsampling is performed to obtain local features. At the same time, repeat convolution layers in
high-level convolution are added, and the number of continuous and repeated 3 x3 x 1 024 convolution layers in high-level
convolution is increased from 3 to 5. Finally, the Chinese text in the wild (CTW) data set is used to compare the YOLOv2
algorithm with the improved one. The experimental results show that the improved YOLOV2 algorithm has a mean average
precision (mean average precision, mAP) of 78.3% in Chinese character detection, which is 7.3% higher than mAP value
of the original YOLOV2 algorithm, and is significantly higher than the one of other Chinese character detection methods
in natural scenes.

Keywords: computer vision; deep learning; natural scenes; Chinese character detection; YOLOv2
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PO RIS B8 775 = Wi BN el [P S P o
TERE TAHRRIE L, JFIUAR T — E BRI, BT A6 4t
T B AR ORI HoAZ 0 B AR 0 N TR Y
PR AE R AT Rr 00, L i i DX I05%. SR 101 42
T A R AR A DX A I AR, AR T R TG
VAT B AL T BT Frb 0 3 o0 XL SR 1]
Pt 75T Adaboost I B2, {H1Z 7 VAR AL BRAK
X b RE AR N S R It e 72 . SRR (1218 FAST £ 53
SR AR 1Z 725 52 0 AR AL R0 500 A R i K. A
ARG AR S OUARR N 7R T N T UOTHRE,
PRI 25 2 4 BROR B B 22 R A, 3 3501 [ 23 AR 0 4 A
K.

Bl 5 R B 2 ) BRI AN W K e, 5 AR P 22 1Y) 2%
(convolutional neural network, CNN)7E &% 2%, H
P A DU 45 ST AR 1 — R BCHE. SCER (13149210 1
X S BEAT 73 J B ARG SR 1% 77701 56 R I CNN
FEHURRAE, S8 J5 > F B AL AR AR SRR 0SS0 4ok 12k X 3
BEATRE A 73 38, AH %7 V5 Ja B A B Y UL 2%, T
VRIS B SN R BOR. O T kP H AR A
R T2, SCHR (14142 H 17— s 38 s 14 A e 00 40925
YOLO (you only look once), ¥ H FrAar il 1r] #5141k,
(5] U1 e 0, S TR H AR A SR AT SE A M X, (R
N BB RS R/ 2 ] 58 1Y), S BUE I Zrad B b o ik
TN AN [F AR AR, SR [15] 385 hn AT [l {5 2
{15 SSD (single shot detector) & #ll #§ ] DA N % AT 7=
73 1) FEF R SCA AR I e R, 0 0F 1) B S5 R ) S AR
R BCRA AR, SCHR[16]42 HE 1) YOLOv2 HAf
darknet-19 W 28 1 9 R AIE H2 B 25, KK T4k 1 9 2%
Sl [RI B v 1 ARG A v A R 0 B AR
Yt N B AR RSO B2, 28 5 B 1 5
NFFFHIE L.

BEXS AL IR R,y 1 4w I 250 H AR 37 St S
R ARSI A At 22, A S DA T 39 g ) 0 1 B I b
DL YOLOV2 B Al I F AT ik, T SE3 X 28
W oA AR,

1 YOLOv2Hi%:

YOLOV2 F3% 75 ookt G X 73 9 S > S W H.
TC, FFAEREA WA BT H SR B AN FHHE, F A
L FHESTI 5 AN 80, 73 At ty o ~tn AKE
{5 F¥ confidence .

T I22 FAE ) o7 L o A P 0 AR AR (b, by ) A
HEFR)BE (b))~ 150 (by) 4 DR R LR, EA5 it sk
BRPUIME ¢ Ly~ b~ AT VT

W1 FT78, pw~ pr A anchor Y 58 A1, by~ by,
N 2 FRE ) E AN L Ho o (t)s o(ty,) R
10 FHE F 0 AN T 2 1R AR A SR G A b A R D
2, (ca, cy) 4T S B TT AN T R e AR
B T FE ) S S B TR A N

bz :U(tr)+cza (l)
b, = J(ty) + ¢y, 2)
by = puwe'™, (3
by = pre'™. 4)
C\’
—_—d
P
c, —_—
) i b
phi b, |—|I o(t,)
' o(t)

1 AFEMCE TN

confidence EARZ AL B br 1 AERAPE. 1S3
(49 D /0N EH A IR B G AR B B A D A ) R 2R A
i A 320 R ) A R A R] P, L b et SR
TR 2 08 SO TN A HE 5 0 S0 FAHE K 22 I L
(intersection over union, IOU), Hi+H AN

confidence = Pr(object) x IOUTP (5)

pred *
Forp: Pr (object) 24 k% B o0 H B 325 H b A8
R, TOU M Ay T i S 5 B0 5 FAE ) 28 445 9F
B2 Lb. S SR AT B A P IR 1K 22 BT ids S AtE,
of fe 1 A A ) T 3 A SR ) A e R 4 4
VEAS B A ID AR

YOLOV2 % H] T Darknet-19 W 2% 4 #), L1519
ANBERZRN 5 A KL,

TR 3 33 KNI RN 2 % 2 KN 35 Kb Ak
JZ 5 R AT B A FE R ARG 1 35, [ B AT 1 11 368 1 4
BN £, I HLTE 3x3 K/ BUZ 2 I E FH 11
KNI APURZ R 448 R PR )38 30 5 DA B AR A R - 5
BN, MM 7 2Rk (global average
pooling) {E A Tl
2 YOLOv2HE Bt

A CF B A A SR 5 SO A A )
YOLOV2 ¥4 X 4% 52 SIS anchor 24105 W 4% 1) )2 2%
SERIANE F T AR SCHIRE 7R . R, B2 R k-
means-++ 5 28 B 56 B a4 P 1 RF B bR UG AE 3
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U 2% 1R = R S5 1.
2.1 k-means++ B EMBL ST

YOLOV2 H i1 5] N\ T anchor ] 48, anchor &
— 41 5 R [ T BT AE 5 AR, X446 anchor 244 1) 1&
P2 BELHE RS W I 288 0 45 B A B IDRS 2. A4S
B i #1) anchor B3& & T H AR 5 T XCFAF H bR
FIRE I, K k-means++ R FHIEARE k-means T
ST CTW H i £ A (1) o SO 135 3 SR 1Y) R /N i
ATEHT R, LR B P SRR 38 M B i SRR AR
% AH BT k-means BIRLEWT AR 7O (1) 6 X _E R X BE
BLAH L K AR AR 1 J7 20, 3% M Bl LA 7 1 2 X e ¢
FRGE P R KR ZE. 1 k-means++ FE % A2
I K AN, 0 T HARE P R — D e i RES
B RO S D(x), D(x) (8K, 8%k BUAE
R BRI 2 RO, 3l e X R 1 g A T L
B UL ) JE 2 Ay, R B, SR k-means++ 532 X
R k-means 5%, itk 1 k-means SUVE X W46 15 O EE
BRI 1) R, G o k-means++ STV Y SRS 45 AR E
T& G R SO RTINS AE () B2 AR DN,

FESEI IR FVERS R H SO R AR 28 FLSERE A
HE -5 S B AE (1)1 35 52 FF L (avg IOU) AR B AL G ER L
HAFEEBSAE N H bR ek i, (155 22 5 R RAE R R .
K. HbrsREdiHE N

d(box, centriod) = 1 — IOU(box, centriod).  (6)

b box N FEAS R 25 1) 28 2RAE, centriod €2 10
HE.

EHE = 1 ~ 10,53 748 H k-means++ JE R H %

Al k-means 58 20 B4 S R A AR HEAT R K
M, 7338 k 5 avg 10U Z M 120 R a0 2 Fros. of LUE
tH, BB kB 3G O, PR ER 28 D7 R 1 H b ek 28 Ak
3B 1G K. AR, 7 H AR B B TR A ] T
PLE th, k-means++ 5 28 B 1) it 48 56 0 ~F 48, 76—
SEREE FRRAG T BRI Mt kb 22, B2 i 2678
A B9 9 550N B A anchor £ . 4 kE KT 6 B, i 2k
FF 4625 19-F- A2, BT L anchor 20 & e X W B N 6, AR AE
F 6 > KNSR ) anchor HE4T 75 H B8 [ € AL, IX FE
BE TT DA R 457 2k ek B WA S, R ARG 2, ST BAYE B
fii G E I 22 Bl /7 R B iR 22

1.0

0.8 [P

0.6

avg IOU

04f

--- k-means
—— k-means++

0.2

0 1 3 5 7 9 11
k
2 avg IOUHh%Zk

AN ] K AERE 2 (1 S 3 HE 6 = n 26 1 . R 1
SEIRTT L, 4 kAE I 6 I, 23 HA I K/ INEE R A P 3R
REER ERIUA, L e = 6 IRREE RI1EN
Mk 5 B %3505 YOLOV2 B R MG 5 M55
(0.74,0.87). (2.42,2.66). (4.31,7.04). (10.25,4.59).
(12.69, 11.87) FHLEL, BRAK G R FHEM&EP, & & T H
SRS T I ST R IN, [R] B ARG T X 28 150 75 5t
WA B ARIE R, K B, {8 A k-means++ 5 857
FEAE R R S HAE UG S HOHAT ISR AN,

#z1 TREKESNALRERS
k=3 k=4 k=5 k=6 k=7 k=28 k=9
(1.47,1.95) (1.35,1.79) (1.28,1.70) (1.23,1.65) (1.16,1.59) (1.13,1.56) (1.10,1.51)
(3.07,3.87) (2.46,3.17) (2.19,2.85) (2.04,2.95) (1.22,1.95) (1.73,3.87) (1.52,3.33)
(7.04,8.11) (4.48,5.42) (3.60,4.47) (4.14,5.99) (1.93,2.27) (1.84,2.18) (1.80,2.06)
- (9.15,10.28) (5.97,6.98) (6.82,10.75) (3.06,3.45) (1.89,3.16) (2.66,3.02)
- - (11.25,12.39) (9.52,6.53) (4.33,5.44) (3.79,4.92) (2.71,3.38)
- - - (13.21,14.45) (7.01,7.95) (5.76,6.50) (4.05,4.30)
- - - - (12.53,13.76) (8.50,9.74) (5.48,6.63)
- - - - (8.53,9.46)

— (14.64,15.78)
— — (14.44,15.69)

2.2 A YOLOV2 P4g4EHs
22.1 ZESHERME

Xt B AR S A SO RS, S R IR 22
SR KON it RS E T A RN
T R B AR R A R S B R 2 2
AL Rl & SR . 203k YOLOV2 Bv3: X 2% 45 o 1 181 3 i
IR H ARG RUL R () ¥R 43, 18 84 x84 x 128 4 (14

HEZ T 33 1x1 K/ ER 1S 5 84x84%32
O (R AL T, S AE LS LB AT 445 50 R AR, 15 3
FHIE 15 FE B B AR (b) 87, 1 4242256 4E 1) 4 HY
BT 33 1x 1 KD EZS 2] 42x42x 64 4
(RFAE B, JF 75 B BE At b BT 2 65 10 R R A, 15 204
E 2; 55 JE KRR AE 1 4R AE 2 5 4 R RFAE (RFAE 3) 34T
R, 385 X 2850 JR) SRR R B L, (R A AR T DL
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conv layer conv layer
3x3x256 reorg/4 3x3x512 reorg/2
1x1x32 1x1x64

feature 12

l L\“a;":é\:‘\ l
B,
NN

672

i feature 2 o
O—%

64 T42

Y

BBULE (1) BRIE®) o
feature 3 Xt\“‘.\\
— RN
: S SN \\\ i
o S \\\jj \\\.\.\\ RN
NG ® S
32 128 L 1024
T 336 T64 168 I 84 T 236 42 TSIZ 21 21
conv'layer conv layer convlayer convlayer convlayer convlayer conv layer detection o
3x3x32 3x3x64  3x3x128  3x3x256  3x3x512  3x3x1024 3x3x1024
maxpooling  maxpooling 1x1x64 1x1x128 I1x1x256  1x1x512 1x1x6036
2%2/2 2x2/2  3x3x128  3x3x256  3x3x512  3x3x1024
maxpooling maxpooling  1x1x256  [3%3%7 024} x5
2x2/2  2x2/2  3x3x512 EEmEIEEES
maxpooling
2x2/2

3 M YOLOV2 B A MR LE#)

ST HL X 25 H bR (816 2 5 DL R 755 H e f R
F&T5 FCZ AN 2 5, TR m s RN R/ E AR AU
B 1.
222 HIMEEHESKNERE

3 H T 5, YOLOV2 W4 4% 2 41 %ot 38 Fi 6t 4 46
T B T A 2R gt 24 o 28 A6 00 281) 1) 288 53] 5 = T
b S5FF YOLOV2 W 2%, 75 i Ja — Nt Ak J2 5 16 1
JEHAEAE 3N S HEH [ 3x3x 1024 K/NHIB
2. — ek, w2 A5 A E R S R R AR T DAL 3
R ZEBKIIZI. X F BRI = TP SCE/FH
K24 1001 28, 7 HAEA S /288 2 R 1)
2 RIOR, X B = R I E G DR R RS
(R M R DRtk AR SC ek M SR TE s 2 AR n T
HEEMEHZE KES: HER R 3x3x1024 K/
FUZHOE N 5, CASRE e I 288 51 o 4 e
3 SRR
31 BE\E

S5 K CTW £ s 42070, 43 3 % SSD & v
YOLOV2 53 S5t X 4% 45 ¥4 1) YOLOv2 53 BA K
A HEH B h0 k-means++ 28 2K &= 4K anchor 5
K ok I 2% 45 A4 (1) YOLOV2 598 3 4T % b Sz 5.
CTW $¥ 4 o 33285 7k 47 5t IEME, b FH ARG
D43 (10 BB AL 29016 5K w43 5K BE, B A 1)
HSC R HARER AR, A E R/ H AR 5 Hou
JSE (RS A B 7 RF SR bR i . 5 s 4 DA 81 1 Ll
K153 IR AR AR, Il R 075 25 887 7K ]
1%, R E 3129 7k BHE. ol 4 3545 1001 28
XF G ELFEHIT 1000 247 %0 5% 31 1) 2 75 2 1 DA K « 3
i 5. TE NSRRI A AL AN [F) KN 7 75

AR, KIS B 3 A (1) 4 30 P o, /N 95 Syl FHATE
K/ T 1648 R I F5F, | #4/5 Ri FAHEK IR T
1618 % H/N T 328 R IWF 15, KRN L FAEK
KF 2B EMFRF.
3.2 Mgk

SIS R A CTW HE AT I 4k, R GRid 72,
¥ 2 & (momentum) & 0.9, Il R % (decay) W B
790.0005, #) 46 > % (learning rate) ¥ & ¥ 0.000 1,
2 3] AP B TSN steps, B R IE AR IR BN 45 000 K,
2 ) RAE NN GRIEARIRECH 1004 25000+ 35000 VX,
43 B L 1040.1. 0.1, {5453 2k R B — e 8i.

P 4 4 sk ) YOLOv2 W 2% 75 Il kit 2 B~ 2
2 B AR AR A YR Sl 28 el P 4 0T L, 1T 25
WIHA B3 2 bR HUE 20 45, 350 % R BRIbR, Bt 4%
UCEI N, B3 2K T B R RS, 164X 25 000 IR, 453 %
BT PR B S TN 2 FAE 5 S i A RE (1)
avg IOU BEIEAR IR A iy h 26 | 1 5 ] WL, 75 )1 2k
W13 avg TOU BHIK, 218 0.2, BE & AR B 860, avg
TOU & ¥ 14K, 154X 31 25 000 X LA J , avg TOU i& i 4%
U1, B AR ETE 0.8 A2 47, B S i Ui 801 vl o0 B
A, Bk YOLOV2 I 2% ()11 25 25 3R Le i LA

45
35
=
% 25
g 15
5 . . .
0 1 2 3 4
S/ 10
B4 PRItz



Z1048 XA st YOLOV2 89355 3 3% B R 3% 7% F L F 5546

2487

i
¥
Q
B
I T T e—
ERE/ 10
ES5 FHFHEET L%

3.3 SLWERDN
H SR I SR A A\ 2] SSD. YOLOV2,
improved YOLOV2 UL A2 34 il k-means++ 28 R H VA AL

—al.. 4
EF084Y gy

RUHH MRS gy

W A Ry

ATkl €l

7454 g i

EHAH RSN i

4k, anchor 2 £ I Uk 9 45 45 #4 ) YOLOV2 (improved
YOLOV2-k) Fa Ml A5 28 e gk A7 A0 00, b Ao I 45 Sk AT XF
L. 1B 6(a) A2 146 H HR) 4 5K I RE AR, IS 240 I
FEAR LS FEAR 2. FEA 3. FEAC4. [ 6(b) ~ [l 6(e) 77731
IARAFEAAE SSD. YOLOV2. improved YOLOV2 DA
J% improved YOLOv2-k B8 of B 1R A 25 5, 3
SRAEA AT I HE I TE A R ) o SO AE, AR AR A
DR S8 1R ) O AF. FEA 1, SSDL YOLOV2,
improved VOLOV2 4 35 S FF 2 AN &2 S0 7,
Tl improved YOLOv2-k Ffifar il 45 S5 # AR, 32 B AL
FE X g e AE a8 6 _E S DN S A I Hh SO REAR 2

(e) improved YOLOV2-k il 45 5
Ee6 FBAHEREMER
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T B AR 5 P DG U, 3 80SSD . YOLOV2,
improved VOLOv2 ] B T I 6 1) 15540, 1] improved
YOLOV2-k F) o ] 45 S A0 30 AR, 3% WY A SC 0 it 4
R SN AR S . #E A3, SSD,
YOLOV2. improved VOLOV2 /N7 5 H A I AR
RORAN AR, 1] improved YOLOV2-K IS Il 285 S 45 3
RSO e 7/ HARHR AR ). FEAR
4, T H 55 FRF BB AT, 775 B b5 R
FEBE K, S HYOLOV2 filimproved YOLOV2 H! 3L 7 K¢
B BRI B AR O, 10 improved YOLOV2-k S
WG LA AR, R ARSI IN k-means++ SRR H L
Ak anchor 2 £ L4 dk I 4% 45 #4) Ji5 1) YOLOv 2 i il
B FE— B AR RE BI85 B 2k 37 5t I 1 B R
71.

K H CTW 454, X} SSD. YOLOv2. improved
YOLOV2 B & improved YOLOV2-k 574 3k 473, i1
SRS A H bR A B2 (recall, R) FUA I AR 2%
(precision, P). H x5 [B] 2 FUAS I (1) 4 A 2 0] 43 0l 36
~A

_ Xtp

XTPj)(+ Xpn'
TP

F= Xrp + Xrp ' ®

Forbr: Xopp NIRRT H R 1) B AR S, Xen A B2
LI H K 1) H BR B, Xep AR B RAS H ) B FR 2L

Bl 7 4R b %A 1) P-R (precision-recall)
i 2. "1 LLFE H, 24 4 A BRI E 28 66.9 To.

)

69.3%-+ 74.1%- 76.9 %o i, F Xk B ) 7 [0 250 1) Ay
66.8 % 69.0 %~ 72.6 %~ 74.8 %. F] L, A 3 improved
YOLOV2-k FE T (A4S A 75 B 5 v - LA A 7Y

1.0

o 98I \ﬁ
0741 AR
8833
g oo
2
o 0.4p
Il ——SSD
0.2 —— YOLOv2
—— improved YOLOv2
improved YOLOv2-k
0 " " " "
0 0.2 0.4 0.6 $85% 0.8 1.0
oot
recall °°°°
7 P-REi%

FIH CTW il & 73 79 %F SSD. YOLOv2 il
improved YOLOV2 UL}z improved YOLOv2-k 1% 784 it
ATIMAR, /N H R B A 455 (17 S5 1 1ff 5 A0
P UER 2R I ME N 3R 2 B 7, o5k ) 4% 45 44 1 improved
YOLOV2 A5 AU AH L oK Beisk (1) YOLOv2 BEHY, ~F 35 1 1
# (average precision, AP) #2151 | 4.8 %, mAP & 5
4.2 Yo: 15 F 3811 k-means++ 2R LUK anchor 251
I B3k 9 2% 25 449 1) improved YOLOw2-k #5 74 # Eb A
DOk T 4% 45 F (#) improved YOLOvV2 5L, AP 7
7 2.8%, mAPHRE 1 3.1%, Bk B T HARY R
NSO R IIRG B

=2 MAER
Ko WA TR TFIJUER R (AP)/ %o TFHIRER R IE
AH GRS INFRF AR K5 e (mAP) /%
SSD 0.063 54.6 71.3 74.8 66.9 69.3
YOLOv2 3129 0.069 56.8 74.7 76.5 69.3 71.0
improved YOLOvV2 0.072 61.8 79.5 81.0 74.1 75.2
improved YOLOV2-k 0.073 64.5 82.0 84.1 76.9 78.3
4 & » B uiAer I, S8 25 S 3R B, 38 0 k-means++ R H L

AT —Fh3E T YOLOV2 5% 1) Bt i,
268 H k-means++ R B F LB k-means TR H
06T SRS I £ anchor 2 BUGIATARAL, fR R T k-
means 5700 W1 46 75 U B9 BRI Il 8, Ik 4 6 A4
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