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Abstract: This paper proposes a traffic sign detection method based on an SSD network. This method improves the
existing SSD algorithm, which has low detection accuracy and weak generalization ability for small targets, and has
problems such as false detection and missed detection. The ResNet-50 network is used as the backbone network of the
SSD algorithm, and the BN layer is added to the additional layer to improve the training speed. Sub-pixel is used
instead of upsampling to improve the resolution of the recognition target, and the MFPN model is added to fuse the
low-level and high-level feature information to avoid the problem of missed detection. The experimental results show
that the improved SSD algorithm improves the mAP value by 4.2% and 3.1% on the public datasets CCTSDB and
GTSDB datasets, respectively, the FPS remains at 87. 2 [/s, and the detection accuracy is signilicantly improved. This

work meets the requirements for real-time detection of traffic signs and has broad application prospects in the field of
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unmanned driving,
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JF7E 1] & #L (support vector machines, SVM)™ v 52 i 43
28 BRI T 1 SE [ 5 A St T BA6E 0L IX 199 Al A O
AEARDR BB AT WA, O 3 o A R L R R 2 4R R
Y5 20%,

One-stage 77 5 L8 0 YOLO™ 18 g F1 SSD™
B, YOLO & Joseph Redmon 78 2016 4E 48 H , o & 7 3%
T L UUHE B A6 I HE 22 , 40k 200 P15 A 5 PR B, 3 5 S I Ak 2
H 2 HXS T 28 @ bp ik B AR B b R I 20CR 2%, Bosg LA
. 2016 4, Liu % YOLO W% 5 Faster R-CNN W 4%
AREE SR T SSD HArfa il 53k, SSD HEEE KB R
AR TR R/ B i FUAE I T JE AR R 30 ] (non-
maximum suppression, NMS) 1 5 B & & W 1 A HE S I
R AL FAE S K A5 08 XS A DAy — A A T () R, 4 3 i
IR BRI TUNAE , LR S IO S ARG B . 7R
SUH —28, B 7 0 A8 3 b U A A 0 B X R B K Ay
Kk 725 A R 2K G OF S — > B Be AT R ) R ORI
Tt AR BT AR . AR SE B By T8 B 3238 v, 32
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stage Jy 75 BARTE RN H b3 Jy TS T 805 A RRE L (HX 38
3R R ) A I S A A — e T BB

EF XTI B A1, o T 48 /55 %of 28 38 A TR B B4 A A B A
T AR SCHR T — A BHE A SSD Bk AR JRE ) SSD Bk
FLRE F L8 ] Resnet-50 2% V5 & SSD % 1 1 backbone [
2% FERAMNE P BN R4 S U125 B, ) MEPN ) 2% 45
PR R 2 AT AL 38 AR )2 FRAE T R FR AR S AT R G
B RAE 2 TEA O JE A BB TS i it Al 1 389
YA R B AR T T 0 38 @ AR IR B s M e .

1 SSD Bzt & %

1EJRGE SSD vk f (il ] VGG-16 £ 51"™ 452 SSD R %%
i backbone F%%, J5tiG #) SSD B3k b, AT Conv_7 JZ2 A 234
2 {7, B0} X g 4 4% 72 : Conv_8,Conv_9,Conv_10,
Conv_11, @AY 7 X8 B AR I 4L B 10X 10,5X5,
3X3 X1 BAFAE A, M X SRR s B S 2 2
BHF o, I ZFEAE EIRT /0 B ARIEAT R | e 2 R AE B R
K BRI . AR A SSD LI 1 Fix .

Image Input Tmage Conv4_3
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SSD B3k B89 B 45 o 5 4 R BB AR 4 T B A
default box 5 H #5728 I 14 B {5 # 2% (confidence loss) P &
St B B 28 7 451 2% (location loss) , BE Loss 785

1
Lixsc,l,g) = N(L(,,,,_/(x,c) +aln(x,l,g)) (D

HAd, N & match 3] Ground Truth 1§ default box %¢
51 o Z8H F 1% confidence loss Hil location loss 2 [A]
B ELA] s BRAN o =1

N

Llo[(x 7lvg> - E

i€ Pos m€ (cxscy,wih)

xhsmooth, (17 —g7)
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2.2 HEEEESE
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FARY BoRAETT A iR T AR R R AR A (B R =R
HERES, IERE R ER L EREAZRARAS
WWIEER AR ITER . T RAR 7 Bt R AE B
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A 3R M pathway layer R AU FRAE {1 A sub-pixel
convolution layer 3¢ {8 # I 3£ #£. sub-pixel convolution
layer F 2 AR PR IVFFE R N X (CXr X)) XWX
H 58 o 45 BUR 2238 8 [8] (9 5 2 T 15 30 % 2 9 R 00 KP4
FINXCHXr) X (WX, Hd N HEBKNE.C H
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FEM # 1t 4r A £ 5 X % B 2 (multi-branch
convolution layer) 14332 th 1k 2 (branch pooling layer) , &
EEREAENNRB P ARERENZ @RS, BT %5
FHH 3 N 2 3] B AR AR B AN [R] Y R 32 BT DT 48 = %o
B ENEAE . £ X EREBEEEY KEH BN
B ReLU #E R . £ X B2 E T Y K& (dilated
convolution layer) A ¥ A I 5 AF B $2 4L 7R [5] (4 8% 32 57, A
F- Bl 20 Aok 8 3 A 32 B A ] i8% 52 BT 1) 28 38 b
HEL.EEZREMEETN, 7 34X E .9 %S
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3.1 EGEEE

AR S5 2R P o [ 22 A 7R BERHEE CTSDB A 3R I
22 T ARCECHE S5 TPDY, o [ 3 38 AR 75 40 S Rl 8 /R Y
43 25, 852K 5143 A : mandatory, prohibitory, warning,
BIERUBET EMRIAR T IORM ARZEEFUR
V2R REAEHANE 9 Bis . BEALIEBCEER S H iy 10 000
s B e SEae Xt 4, DL 7 ¢ 3 Bl AL R 4 I 2R 42 4
Hor1 7 000 3R ERAE R UNERAE , 575 4h 3 000 T EHRAE i3k
£, LIS IF it SSD B ik A R .

B9 v 32 3 s RS T K 4R

3.2 TEHRE

S FEET Intel (R) Core(TM) 17-10700 CPU@
2.90 GHz b P €8 , 16GRAM 1 Nvida GTX 3060, FrA 51
I ERSEFE pytorchl. 9. cudall. 1,python3. 7 1 winl0 ¥ 1&
THATIY . SSD S RAEL R I 5 T ] pytorch FRER#
(FEE R
3.3 l%EsH

Wi TSRS SSD Bk WM ARBR N
300X 300, % batch_size % & N 32,27 2] 3 learning rate i%
B R 0.000 5, 4T 200 RBEAINZ .
3.4 MR

FEE S A FR ETE mAP S SSD & kit
FVEAY . 7EBARKM o, FPS R Rb A0 3 i 81 5 B0 . B
IERRA I A IE B AEA BB TP, BRI IE 2 B8N
FP, B A A 9 01 2R A A B8O TN, BR A B S B AEA
1 FN, P HAE B (precision) A 8] & (recalD & XA

L TP
Precision = TP L FP P
TP
Recall — m (8)
1
AP = J P(R)dR 9
mAP = = AP () (10)
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AP HARKE LM EFITH AP ElRHARL -k
) FRORE JSE ARG > AP R R AR R 45 B9 BEAY , HoAR C AR
Bl S BT B ¢ RN A
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SEIG A A A SCHCHE Y SSD Bk 5 R G B9 SSD Bk
HEAT I8 FE VN SR R i A A B S 80— 3, ML B
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4.2 HEMIBRERSHH
AR SCH i AF 5 S IR ARG 0 S 3l b R Ak A SE B, O 5
PR 57 2 (LT RE A . 9 Bl SR 30 R LA SSD Bk O R Al 45

AN T B B3 D 3k HE AT I A BB 3K L 7 OR U 52 I A
DN RT3 T > AT 32 5 B30 3k O R RS 82, SE IR S R Ak 1
iR .

Rl HUMXEAR

S B VGG ResNet Sub-pixel MFPN mAP/ % FPS FfIE] /s
1 N 86. 3 88.5 0.001 0
2 N 87.5 85.2 0.002 2
3 N N 88. 2 84. 2 0.001 8
4 J J 88. 7 84. 5 0.001 5
5 N N N 90.5 87. 2 0.001 0

P T At 4 200 S HE S W A G AR M HEAT AT FT LR
L A B A R S o R B AR R R B Y BT R K IR AR 19
VGG-16 B T W 5 4 i, ResNet-50 & T B 4% , HL7F %1 7 B~
JNESRRAE Z DA BN 2 AR IR B R 1. 2% B4
53 155 22 T [ 5 il I Sub-pixel SR 77 3 ] i 43 4E 18] 43
PR O, A S 5 S8 A A AR YRR AE 5K AR T L W) B R
KEEEIL F) 88. 2% , 7F ResNet-50 W45 B 3L/l 1 iIn A T FPN
ARH, {545 X /0N B bR A 4G DU B S 7 A0 G R ik F)
88.7% ., #if 3 FATEA Mk, M TRE R SSD K
M, A SO R A B SSD B K MAS BF iR T
4. 2% o ARG o8 B o A [, 28 B AR SCHR M 1 g itk SSD Bk

AR AN E .

4.3 SHEHEZMESELER

F A ek iy SSD vk 5 H B M RE K AT 09 B AR A i
Bk AT B, B 42 5 YOLOv3, YOLOv4, Faster
RCNN,FSSD, Alexnet, MF-SSD, SSD,

SCEREE RN 2 BN AT LLE I BGHE R SSD Bk
AR 45 R . Faster RCNN B 0KE B 4 83. 2%, i #6
WS 17. 2, B BT A, AlexNet B4 K B HY 2
5 T R Bk, R T B AR W AR, YOLOvS
YOLOvA 76415 % Jr ik 2] T 85. 706 1 86. 86, 6 Il
BEd . BO#HG 8 SSD Bk R IME L MF-SSD k&
WA A AR X B, 20t B SSD Bk MER RS 5] TR A, mAP
AR T 90. 5%, HAG M E k8] T 87. 2, R AE
A58 v ARG N T B . G 2 B B i S IR AL U

x2 AEEEMEHEXE

% mAP/ % FPS HHal /s
Faster RCNN 83.2 17.2 0.007 8
YOLOv3 85.7 82.4 0.001 7
YOLOv4 86. 8 87.6 0.001 3
FSSD 87.2 72.7 0.001 8
AlexNet 82.5 22.7 0.005 6
SSD 86.3 88.5 0.001 0
MF-SSD 88.7 86.5 0.001 2
gk SSD 90.5 87.2 0.0011

o« 84

4.4 GISDBHIEEZWHER

T A 06 B 9 SSD K I AR 2 Xof T A2 E AR
BRI AR 78 GTSDB % % L #7303, s i 25 i 4
F3PR, WX E 3 FARKIEE R, M5 M SSD &
h7E GTSDB ¥4 o mAP {HRH T 89. 4%, M T
A6 SSD HILEF T 3. 1%, £ M HE 5 B9 SSD 5 vk 4 H:
B3I bR R LA B R A RS I

x3 WL

% mAP/ % FPS Ha] /s
Fast RCNN 83.2 15.6 0.067 0
YOLOv4 87.6 87.0 0.001 2
SSD 86. 3 88.5 0.001 0
et SSD 89. 4 85. 2 0.001 2
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G B 3 4G TN A B2 B B9 T 4 T, AR /D o BT A L DR A
RANR

5 % it

AR T — P T SSD 55k A9 A8 AR AR A A
B A resnet-50 W4 4E  SSD L HL (1 backbone 4% ,
NHRRIE P JEAT sub-pixel REEANH , FRHREHIE S & )2
FRAEARBL G A8 MEPN 5 70 4 3 25 0y, 45 % /) B A7
RS B B TR S B 5 SR AR WA SO SSD 555 46 DU K B2 ) 3
T 90.5% . SO A SCEIEM AT R H bR A R
R, H7E A fE R A 2 R TR h SSD Bk, B
WIT BRI B AR R O A T AR R Ay ek, (B2 7R 52
o 167 FH 7 T B9 BE i A B R B T A5 ]
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