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Comparison and Analysis of Technical Characteristics of Backbone Network for
Target Recognition of Unmanned Vehicle
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(Department of Automotive Engineering, Hebei Vocational University of Industry and Technology, Shijiazhuang 050019, China)

Abstract: Target recognition is one of the core technologies of the visual perception module of unmanned vehicle
automatic driving. At present, target recognition mainly relies on the backbone network to extract features, and then
classify and regress the target. In general, the computing and storage capacity of embedded computing platform for
unmanned vehicles is limited. In order to reduce the computing power and storage capacity of the backbone network and
improve the computing speed and efficiency of unmanned vehicles, this paper makes a comprehensive comparison and
analysis of the backbone network for target classification tasks. Focusing on convolution kernel, receptive field, pooling
layer, fully connected layer and activation function, taking cifarl0 and cifar100 as experimental data, the selection of
backbone network operators and network construction are analyzed and compared from the theoretical analysis and data
practice level, and the main ideas and practices of feature extraction backbone network construction are summarized and
summarized. The results show that the analysis conclusion has a certain theoretical guidance and reference value for the
application of the target classification backbone network in the embedded unmanned vehicle system.
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1 B9 EML backbone 74
1.1 Lenet-5®"# backbone 447
AL AT
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Ik 32 2 4 73 S 45 5 AR T e 36 RRURITARS 5 AF 55
FURE = R T 4 22 18] 7328 5 73 28 R4 2% (1003 2 VE AN =

1.1.1

2) EELEMKAE LT ANESH, RENHERES
WAF S AR K, 520 1 10 2 B A SR Ak 5 3) 420
M4 B 1 AR 2 4E /A 1 o B ik e
L LeCun MK BT T4 & a5 B0 L5 21 L I f%
o PR, JFEIERIE BRI IN Y, AL
BT REERKEE, i 7R TERMEM
25 1] Lenet—5 BB HL A58 7 A sk 1 Fow

% 1 Lenet-5 MK & 547

Index Cl S2 C3 S4 C5 FC6 FC7
Input Size 32%32 28%28 14*14 10*10 5*5 120*1 84%*1
Feature Map Size 28*28 14*14 10*10 5*5 1*1 84%*1 10*1
Neutrons 28*28*6 14*14%6 10*¥10*16 5*%5*16 1*#1*120 84 10
Parameters 156 12 1516 32 48 120 10 164 850
Connections 122 304 5 880 15100 2 000 48 120 10 164 850
Kernel Size 5*5 2%2 5*5 2%2 5*5
Stride 1 2 1 2 1
Receptive Field 5 8 12 15 19
Flops 235200 37 632 80 000 12 800 96 000 20 160 1 680
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%+ 2 A epoch £ T Max Pooling 5 Average Pooling i #1838 JIE 35 #x % EE

Index epoch Accuracy(max) Val_accuracy(max) Loss(max) Val loss(max)
Max pooling 10 0.990 4 0.986 2 0.0332 0.044 5
100 1.000 0 0.988 7 7.117 9¢-05 0.052 8
Average Pooling 10 0.977 4 0.973 4 0.076 4 0.091 7
100 1.000 0 0.9850 1.484 9¢-04 0.068 4

= 3 A[E epoch £ T EE R B sigmoid 5 Relu iRk FNIEIEIE #R % EE

Index epoch Accuracy(max) Val_accuracy(max) Loss(max) Val loss(max)
Relu 50 1.000 0 0.987 9 9.199 8e¢-04 0.057 0
100 1.000 0 0.986 7 1.023 0e-04 0.079 3
Sigmoid 50 0.984 6 0.983 7 0.045 8 0.053 1
100 0.987 6 0.987 3 0.036 6 0.043 0
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=4 VGG-16 5 VGG-19 Xtk ot

Eikod VGG-16 VGG-19
Input Size 224%224%3 224%224%*3
Kernel Size 3*3 1*1  (stride =1) 3*3
Receptive Field 44*44 50*50
Parameters/M 138 143
Connections/G 11 13.5
Flops/G 20.7 26.3
Pooling max pooling (size = 2*2  stride = 2) max pooling
Padding same same

VGGNet — &% N VGG-11.VGG-13.VGG-16
M VGG-19 4 g4tk 27, 441, VGG-16 Ml
VGG-19 ZAEFRIEGREE R, A& R H5
K MARRAME 4 o 3 ZARF S EFE LT 2 J
1) NER, RIEML.
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B AMSHEBN T, GRS,
BESIN T WX 28 TR 5, MO TR 2 o) P A AR 1T
il ARe s, R ERI T R F
wi, 7£ VGG-16 MR A 2 4> 3%3 BRI A 3
A 33 BRI BT 5*5 M 727 G RAL, B
ZEPAT SRR R S FN 7, SR 2 R U 4 BN T 64%
F1 42.9%.
2) WEHE S, FHEmR, ARG NAH
PR
VGG-16 I VGG-19 B 43 SRS B3R T, 2
DAY F2 9 &4 5 B, 388 X 48 R B AR B o IX TR

=4

WK B W28 S HOF B R HME LA L Alexnet A1 Lenet
SRFEWIN. FHR, WK 4 FHATLLEH: VGG-16
M VGG-19 MZHE 57 28 138 F1 143 M, ik
FANSHEALN float32, TR ) 2 B0 K/
2108 552 Fil 572 MB, XTI RGN 2
52 BIAR KPR 1 o

132 ZRHFEL,N

VGG-16 1 VGG-19 & VGGNet 73 2 /¥ 2% [ 3=
TR, H T AR R R0 48 5 B A&7
BF, REAE B AT DUOA SR E BRI A R AT R SRR AE
HmAB RSP EHRIRAEE. W& 5 TTUE
e T UIZREE £ IR BE, VGG-16 I VGG-19
X AH S, HAERUERE SRR E E, VGG-16
() S 21 K5 BE K 42 78.77%, 1 VGG-19 N &
87.09%, 5 VGG-16 #tk, VGG-19 #m& 1Kk
10%. &HSEZEN VGG-19 Itk VGG-16, &
BEHIEIN T 34.49%; FL, VGG-19 W25 58K
KRG FEE 52 T A2 DA i ) 4% 1 5 2% B A fig 2 )
KA B

#5 VGG-16 5 VGG-19 B BRIFEFRXFLE
P VGG-16 VGG-19
With FC Without FC With FC Without FC
mean loss 0.1156 0.106 2 0.127 3 0.111 8
mean accuracy 0.960 4 0.962 8 0.9557 0.960 8
mean val_accuracy 0.787 7 0.787 2 0.870 9 0.8759
mean mae 4.4179 4.426 4 0.012 0 0.010 8
mean mse 27.710 7 27.765 0 0.006 0 0.005 4
mean val_mae 4.428 7 4.3942 0.028 3 0.027 2
mean val mse 27.626 6 27.410 1 0.020 7 0.020 2
total parameters 33 638218 14 719 818 45 239 370 20 044 874

M VGG-16 F1 VGG-19 [1] W 2% &5 44 43 v T L
H: &ERERAAR LR 2 AMES =R
FERERZ —. Nk, CHEREIX 2 A4
B B L, IR 1815 1 45 5 5 25 AT XT LG
MZE S ATLLEH: Bt VGG-16, i & VGG-19,
24 DL TR AE () )11 25 B2 B0 A0 06 AIF 45 H 4 1R AT 5 EE I,
T FEAE . 1200 2 T B o o A 25 BT 48 O i
%, EEZZENEESEXNT ERERFRE BE
s, HEZSHENEIKT 56.24%F 55.69%.
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V1 fEE, XA N 192x32x32 . KA
256x32x32 IAFIEE, RA— DM 1Ix1 B 5 3x3

HERZEBER TR, 53x3EMEML, SHER
BT 49.55%, THEERFIK T 45.83%.

Fo ATRIERZSHTEMEXKIHT

Precondition

Performance Index

Input size:192x32x32

Output size:256x32x32

3x3 kernel

1x1 and 3x3 kernel contamination

Parameters
Operations including multiplying and adding

442 624
905 969 664

223 298
490 773 568
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AR T — PP B g T3, — A SXS BRI R BN
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HEHIITHEE. GlSHERICT 28%. Kk, T
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ML 7 file, E i B AR 72 B9 I 28 R 2, 4
m P2 AR S e s RN, NS R S5t
e, IEiHE.

2) ZREFTHEEREERS,

GoogleNet [ %% 1] Inception 5> 3z H] 1
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1%3, 3*1 25, HEAAFE RS 85 R 20 A F/ R
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B IR Ao XA I A0 AN AT RS R AT ) £ Y
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H Z AR R 5 BUZ SR BURAAE TR 56 17 452 5
HVRFE LU By G 72—k, B — ROBE 1 0 i 5 B
W2 DA E RS R, mgk—4
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71, — BCESR A N B I AT [F] 3 A . SR, £
AR, AR M A A, N B
WK, L% 5 7= 4 “ Internal Covariance Shift”
T, 25l K “BRREWE R B “BRFERRIE”, MM
5 M) ) 28 WS ST FE 592 AR T o B R i i) R
Inception 5] A T Batch Normalization [ 7772,
TE 3 N\ B0 2R E (91 40 Relu 8% Sigmoid) 2 ®, F|
B BES T2, BHE B AhrdEIES
I3 A o
1.4.2 L3 B 4E 2 H7

GoogleNet Inception_v1/v2/v3/v4 WX 45 5 1 35 3

MLz —R~ERMZ. U, Inceptioin vl H
PR L 5x5 1 3x3 Jy 3, 7E Inception_v2 H U
AR 2 4 3x3 AR 5%5, Inception_v3 H U & F1] H
1x3 H1 3x1 X # 3x3 B, Inception_v4 T & N N5
WL P, AMER B A AT ) 2 AR
TRIFIESZ I AR KA, BRI S E: [
BF S ORI 28 R B 5 4 i X 2% B B o X b AR L7E 1
TR TR 2% (1) 5 e 52 2% FEE 1) ] IF, e T e 1 ) 2% 25 B
5B Mg S AE MG —. R, BEAUR R
FETHIE LK B S HOCAE AR B, 1K 35 0 25 5 M A5
BN & T 5 R .
1.5 Resnet B9 Backbone 53 %
1.5.1 FEb M

WHEEIT, AMVA N AR, 1%
W loss sk /. B, N VGG-19 F
GoogleNet, WZEUEREM 19 JZREMHF] 22 2, loss [T
WA 7B SR SR, & X — B E
IR 2 i, YRR loss AT R s F L,
N R TR E 2% R AL T R, BIF AT ON R T
Resnet PR FE P24, H 32 247 AL HE 2 A

1) BRZE W28 45 0 5 34T 1

XFTAE G BE N 2%, BB & I IR A% 48 1 22 ik
o BREE ORI/, RASBTE, T ER
VAT BT . M Resnet W 2% 28 1 ik 2 W 2 15 45 0%
BZE, whmREAX N

H(x)=F(x)+x. 2)

P H(x) Z 755 22 P 245 1) A i

M ERAHER H, e AT B R & 1n 4% BRI
BRI R IE SRR F'(x), T2 H (x)=F'(x)+1.
ALVE W, REMBRERT 1, k72 i Je BN
LEERRE WK IR

2) Building—block and Bottleneck.

Building-block /& ResNet™* 21 % 4t 7 th 3k 17
BREREE AR, EMEH Y R RERER
MR 9244 F, ]l ResNet34. 1M Bottleneck NI £} %}
TRIE R4, 110 Resnet50 3 Resnet101. %
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FCJ BRIAE T e ] DAAE 3G 0 9 28 VR B2 I A Ol R 2= 1)
W28 E. B, #AKH Bottleneck i, 4
e L 256 I, SR 1179 648, T4 Rk H
Bottleneck BHLHE, ZHEH 69 632, 5 & LLHT
FHNT 94.1%, B ETE S HER 5.9%; KL,
Bottleneck 1% 5t 4 4% T Building-block % i& H TR &
X 2% (1) 4E &
152 S 48 o AT
¥ F 5% £ 49 resnet M & Fo & 3@ resnet W %
5HF

MOS0 oA AT AN, A ERERRE R B
%, Resnet MZE G N TR ZERME. "TLEH: §
B 72 B UL Resnetl8 MR T % A 7k 2 B 1)
Resnet18-plain®’!, JC 18 /& Il 5 3045 45 (1) loss AN
accuracy, i /&K 5 £ [ loss Al accuracy, A%
REAR PR AT 2 T 5 %

M9 WIE H: B IR ZEBIE) Resnet34 H5&H
FR ZERLHL) Resnet34-plain #HLL, AT # 78 U Zh B s
LM TERE B T /E & . AW, ERIEHdEE, —
BRI ZEMNA KR ZULH, Ak Z ) Resnet [
EYEREM IR A TR EAE BB S H . B0, W
EHIR R A AR 7 K -
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