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Abstract: In order to solve the small target detection
PVANet
convolutional neural network structure was improved to

convolutional neural network algorithm, the
conduct the experiments of traffic sign detection on the
TT100K traffic sign data set. The shallow feature extraction,
deep feature extraction, and HyperNet multilayer feature
fusion modules were improved. The experimental results
show that the improved PVANet convolutional neural network
has an excellent detection ability for small target objects, and
the corresponding traffic sign detection algorithm can achieve

a higher mAP (mean average precision) .
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FPN(feature pyramid network) RJ2& 3£ 7 Beit . #
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2.1 PVANet W& &/

PVANet* 2 Intel /A F] Kim 28 AJE 2016 4F#
H B —Ff T 52 B A T ) R B 2 Y 4 S .
1 VOC(visual object classes) 22 ¥z 4 ¥y 4446
HFEIH | PVANet B 1755 2 44 B AST HF 3
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PNEARR ], W RE convl 5 BB ER A0 i ) 0 B2 4 &
32,58 1 EGHRE Wk th 4R BE PR e 16. Xt
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FC AR RBEBR | St 1x1x4096 R - | -
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B 1 PVANet MMt aTEEHE
Fig.1 Structure of PVANet before and after improvement
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BB 7TX7T RSP IFHER 3 B 3X3 EEH
HBRZE. K58 1 ZERUR M0 AT E M ReLU %
PRE W Ho M IR R & 24558 2 BB RER
C. ReLU % sRi 85, fy R 4E L3 N 2 485255 3 BB
Eih 4E BRI R 32, X FE S et (B 2) BTE
1 hN R 2 A FRUR R A5 0 AL B2 AN B A R RRAE 1
FEECRE 7. HeAbh AR B RICR , ¥ conv 2 il conv
3BRBH P EATEIPE 1 ZEHE W4
FEHER % 48 M1 72,405k 1 Fw.

2.2.2 BIZFHIEREL

PVANet %% % % i Inception vl FIRFEFT
REFHMERI. e e, 4 5 X5 BRI R
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it BRESRAE—EREEEBRLR AT FRX
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ZEJEHR PVANet R4 H, conv 3_4 BEBTE
Bt 132X 80 RE FRAF I A9 T RAEAL 58 1T 3
X3 Ak E I TR . BG I conv_4 IREBFUZHI
F) 33X 20 FHEE A _LoRFEAD B NE T 4 X 4 R EH
BUHEAT. P25 15 B B R AE B /A [R] (66 X 40 18
), AILZIE1ER Bk 43 2 AR HE. (B2, 48
FLi A B R 53X — 51 66 X 40 R R FHIEE B 245/
T 16 5. R A B B FHEE 1 32X 32 R
/N B bR, BLS RIES RHME R Lt HA 2X2 4
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Tab.1 Information of improved PVANet structure

Inception
L = *4 s L B1x1  23x3"  H5x5*  #pool  Foutput
conv 1 conv 1_1 3X3 ReLU 2 528X320X24
conv1_2 3X3 C.ReLU 528X320X48
conv1_3 3X3 RelLU 528X320X32
conv 2 conv 2 1/1 1X1 RelLU 528 X320X48
conv 2_1/2 3X3 C.ReLU 528X320X48
conv 2_1/3 1X1 ReLU 528X320X64
conv 2_2/1 1X1 RelLU 528 X320X48
conv 2_2/2 3X3 C. RelLlU 528 X320X48
conv 2_2/3 1X1 ReLU 528X320X64
conv 2_3/1 1X1 RelLU 528 X320X48
conv 2_3/2 3X3 C.ReLU 528X320X48
conv 2_3/3 1X1 ReLU 528X320X64
pool 2 pool 2 3 X 3max-pool 2 264 X160X64
conv 3 conv 3 1/1 1X1 ReLU 264X160X72
conv 3_1/2 3X3 C. ReLU 264X160X96
conv 3_1/3 1X1 ReLU 264X160X128
conv 3_2/1 1X1 ReLU 264 X160X72
conv 3_2/2 3X3 C. ReLU 264X160X96
conv 3_2/3 1X1 RelLU 264160128
conv 3_3/1 1X1 ReLU 264 X160X72
conv 3_3/2 3X3 C.ReLU 264X160X96
conv 3_3/3 1X1 RelLU 264160128
conv 4 conv 4_1 Inception 2 132X 80X 256 64 48-128 24-48-48 128 256
conv 4_2 Inception 132X80X256 64 64-128 24-48-48 256
conv 4_3 Inception 132X 80X 256 64 64-128 24-48-48 256
conv 4_4 Inception 132X 80X 256 64 64-128 24-48-48 256
conv 5 conv 5_1 Inception 2 132X 80X 384 64 96-192 32-64-64 128 384
conv 5_2 Inception 132X 80X 384 64 96-192 32-64-64 384
conv 5_3 Inception 132X 80X 384 64 96-192 32-64-64 384
conv 5_4 Inception 132X 80X 384 64 96-192 32-64-64 384
HyperNet  down-sample 3 X 3max-pool 132X80X128
upsample 4 X4 deconv 132X80X 384
concat concat 132X80X768
convf 1X1 RelLU 132X80X 512
convf_rpn 1X1 ReLU 132X80X128
RPN rpn RPN 6X6X512
FC fc6 Inner Product 1X4096
fc7 Inner Product 1X4096
cls_score Inner Product 1XN
bbox_pred Inner Product 1X4N

PRI, AR SO U /D 1 VKt AL AR I A AL
AEFR B, {5 0 2% BE A B8 VR 2 6 BUZ 3 S O RRAE [
fEB,FETEE RIY 132 X 80 4HF B L #E4T B #5 &l
MR RGN 8 5, (HH XS /N B A5 R AR
WgES.

3 SKI§

3.1 IREHEFE
R H TT100K"™) 52 38 b R B4 SV A et I 4%

YILRAE T 0 E R R & . I 2R 4510 380
sk R, MAETE 5 229 B R I THEBE®R T
BT TR bR 5280, OF B BB E EAE S

PR B BsR i %5 i SGD (stochastic gradient
descent) ,Batch Size 25 1,815 ik B R 0. 01,
ZIGRIEEEEE R K /N Batch Size % FH 4 40 000
FW/ 0. 1 £58 75, momentum FI weight decay
S E KR 0.9 A1 0. 000 2.

W 5T BT A R B 2% X Bk I I G il s
AT Caffe SREZ22 SR JF HAEE— B4 T Intel
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528x320x32 | e onl — BCERImMAP=0711) {
i “| =- BUH#SE(mAP=0.841) \
ﬁi‘iﬂ: 1 1 1 1 ‘L
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HEE
it 4 HEEMGHERIS PR BEXLE
528x320x32 . .
(3x3 R Fig.4 Comparison of PR curve

B2 REFIRNEAELHTEE

Fig.2 Improvement of shallow feature extraction

/
L L l
B3 dEXER 1x3 70 3x 1 #EERLNHESRIE

Fig.3 Convolution process of asymmetric 1 X 3 and

3 X 1 dimensional convolution kernels

i7-5930K CPU #iI NVIDIA Titan X GPU [ T/Euk
AT B R TER A Python 2R 4-SEBE.
3.2 XWERELHW

TSR AR P, 23 58 B AR PVANet ) 2545
RIZEAE S IMAA SCHT R & it 29 PV ANet R 4%
RAIEEH 2 TT100K MR BT A@ b i ,
DLAHERR 3 | B i K6 0 BF 1) A1 PR (precision-recall) f
LAERVEM RIS, LA R IR 2 FIA 4.

®2 FEBHEHEFEZHRERITLL
Tab.2 Comparison of experimental results of
different improved algorithms

WiREIE S N
Rz migion Moy T
B2
PVANet 9. LURARD 71.1 0. 052
2. 2. 1 YT mot Mg 512X512 75.3 0. 069
2.2.1.2. 2. 2 5 Pk vle stk P 4% 75.2 0. 067
2. 2 BHRBE MG 8.1 0.087

M 2 A EL,. 5 PVANet 9. 1 ZEBIE & L
FRAG I 235 SR AE L, SR 2. 2. 1 5 e R BT LA AT
TR A mAP R FH 2 4. 2%. WL B EERE
it 25 D0 245 1 3 JE 5, T LAHR R O 4% X 3 5 A s /N B

PREGIEIBE Ay, BEAh, B TR R A 7 X T B R
RN 3 X3 B, LB 3 & Bt s M
XA I A DU B 1) T B A . SR 2. 2. 1.2. 2.2
TETR M HERIE , RIFPR R R 2 R i 5 X5 -
BT 1X3 A 3 X 1 -, 2 il N 25 B Y
A D5 B2 AR PR, R B RE A PRS0 B mAP. B, R
A 2.2 WP RO R BN 1 AL T R
22 00 28% B4 i 1 AR PR R — 1%, A5 0 2% ) Sl A
AT B mAP JCHRAR =29 920 » R0 2% 54 A6 I i) 2
SRIEINZ) 0. 02 s (ERAIIR B RS B SE I, 6 22
SZTEAR AR TN ZEK. th A 4 AT ok e 55k O MR
M [ A Prig T, £ LETIR , f i SR R AE
P AR T B A BT A0 {E T 38 5 I 4% B R AE R
IKBE T, R 0 o0 2% 1) A 0 M 8.

B 5 BRI X/ B ARSI o 7 A6 T R CR R
Hepfrfe— /N HABGE 4 388 AR 75 (B 5b AR
7). B 5a A JRR PVANet 48155 R0k I 25 51 , 14
5b Bt J5 PV ANet %) 46 58 20 6 0 25 R &] L , B¢

a JRR PVANet

b ¥t j5 PV ANet
Bl 5 BEsi/s PAVNet #3583 L E
Fig.5 Comparison of detection before and

after improvement
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5 PVANet WX FA8@ /N B i &G & 1R
T R BB 7 5 BT T B AR AR 0 B0 B ) L
—E e

B 6 2F 5 e AR LRSI R A R
[E] R RHE . AT LR Y VR 2R O 2 AR % Uy
TE AR B, R 15 R L XU AT » T U2 AT R
o 2 5 AR 2 B T 50 0 o A 1 v ks D v A A 0
Ry R S LR RO R R AR BT LUE B Bl R
BT IE A A b ks X 22 B AR R R R R
SEA, B H A ARISOR.

a WEWHE G b HEBGE R

c YR ZHUHERT b R YT
6 WHMEXREMREERBEIFEXTLE
Fig.6 Comparison of shallow and deep

convolutional layers

B 7 R EHRIEN TA E 2N B AR SE b
PGB 3 A2 2 S T A R, AR B T R
Bl L 1&1 7h FEL Te 23 5 2 St B R Bt IR SR A AR
LRI RTRHORE. 2R A 5 A SE bR JFUR
PVANet HAGIIE] 3 43S AR a5 » SO J5 505 ol A
MBI 5 AR, o] I, MR EAE
T B IIOR.

¢ Bk R BRI
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Fig.7 Comparison of experimental results

TTI100K & iR o ZEir &R F/hBs

YK SE L AT BT LB SR R SE G, B E T
P B R FasE AR /N B AR EA T A
WEE S, s T H IR R, TR 2 2 0 4% B B
(perception field) /]y, T B £ 5 45 (1) 40 15 RRAE 32

T, B J2 P 4 S TE Y, BEAS (0 ) 45 4R R 2 4079
{58 O AR /N B AR 1A= . 17 s/
— YRR , AR T ) 45 it 4 AR AE B RN, 4
MR HyperNet S8R RlG 17 2 FHE & 3
VR XN M R BE S SR BB P S A
FHESS B, I B M4 /N BFR R BE . BRET £
HUHE G » AR H O SRk e T B R A — s 3
B BB [T I ZE 0. 09 s P B AR 25 B S2i 1.

4 Zhig

PVANet M B A Y230 R w5 AR RE B
P BOE R R S A TR A A A R L Y A
B, AR SR P JE R AE R B TR R R AE 32 HCR
HyperNet 2 JZFHiE fl S50 M 24T B0, 3R T
— R PVANet %R 22 M 2557, T iRk T /)N
B RS E b a5 IR B BME 4. 22 T TT100K 2258
PR RE S X CHE RE AT T SRR IR, 4R SR
W], T LS Yy e i o 8 0 L5 D ) 45 S B A L, 5058
P/ BARKI ) mAP A RIS T}, IER] T X/
FARY RIS HAS I BE 71 5 B2 ARAG I I 8] /N i Bt
(EATS R A Bt B SR .
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