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Abstract: Aiming at the problem that vehicle models are difficult to recognize due to differences in vehicle posture
and viewing angles, a vehicle model recognition network based on progressive multi-granularity ResNet is
proposed. Firstly, a progressive multi-granularity local convolution module is proposed by using the ResNet network
as the backbone network to perform local convolution operations on vehicle images of different granularity levels,
so that local features of vehicles at different granularity levels can be paid attention to when the network is
reconstructed. Secondly, for the multi-granularity local feature map, the random channel discarding module is
adopted to perform random channel discarding, which suppresses the network's attention to the vehicle's salient
regional features and improves the attention of non-salient features. Finally, a progressive multi-granularity training
module is proposed. A classification loss is added in each training step to guide the network to extract more
discriminative and diverse vehicle multi-scale features. Experimental results show that the recognition accuracy of
the proposed network reaches 95.7%, 98.8%, and 97.4% respectively on the Stanford-cars dataset, the Compcars
network dataset, and the vehicle model dataset VMRURS in real scenes. In comparison with the comparative
network, the proposed network not only has higher recognition accuracy but also has better robustness.

Keywords: vehicle model recognition; ResNet network; progressive multi-granularity local convolution block;

random channel drop block; progressive multi-granularity training
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i 2 4t & IH — 1k (batch normalization, BN), 1>
ReLU 3 i pR A 24> 42 3% $ )2 (fully connected
layers, FC) JZH %, 245 21402 00 Tl =5y
HARB et s 8). 3L (9) s

V= Hey (F) (®)

¥ = Heo (V1) - ©)

e, B S BB W2 BT A REIE R R

JRvemea G A MLP, R EIBHER)Z . TR FR)Z
R Y 23 S TR, A8 yConent - BLARB 4 A A=A (10)
E?ZT—\‘ H
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MLP
> ConvBlock L2 ——» FC+- BN }-ReLU FC|—————»y—— Ll
MLP
> 2
» ConvBlock L-1—— gyl oL BN [RelLU- FC >yl

MLP

» 3
. ConvBlock L ——» ‘ BN H FC. BN }-ReLUH FC —»Y L3

. MP
» ConcatBlock— BNH FCH BN {ReLUH FC | —pycoetp [ Gopeat

B4 #r#EX 2 A %8R (PMTB) =& B

Fig. 4 Progressive multi-granularity training block schematic diagram

yeonet = gGonet {Concat[V(L_S”), oo VL]} . (10)

AR YN it 2, B — U ik A0 AR A
SRR, B2 R —R B, BRRIEH
B WL S HGIATHOR, A 2% 1] LA~ 2] ZEAR Y
ZRERES B o 2R R2% 5 2] i T PMTB (1)
WG TEIE 1 PR,

k1 #HREKXSEEINETR

Table 1 Progressive multi-granularity training steps

Witk 2L B S 7

A VIEIRED, AR X, PREREA Yy, PREZ
RLEEARHER L 27 5] , Lop RIS (cross entropy loss, CE)
For epoch € [0,epochs|do
For b € [0,batchs]do
X,y & batch b of D
Forle[L-S +1,L] do
y & HY JHE (FU (PG n))]
L & Les(y)
Backpropagation L;
End for
yConeat = gQeneat {Concat[VE=S*D,.., VL]
Leoneat & Lee(",y)
Backpropagation Lconcat
End for
End for

2.5 MKEH
R BRI TR A B 28 10 5 AR P ) DX B A

FZ—. X (CE) #12k pR U 42 AL BB A 5 H
(AR R, R FHAS SURRHBUR sREE T4 R TR RE %
AR RSP S RRIE 22 57, 38 SO K pR B
Bkt (1), (12) Fs:

LGy = = ) ¥ixloghi=1,2,3), (1)

i=1

LG 013 = = ) Veonea X1080cone) s (12)
i=1

Korpr, L AR i AP B I  LSorefREE 4 4
WrBerfin it s yARRAERN I SARA:, YRR
M AREE , m A% — AU AR I 25 G 1 1%
o

1 TR B B B0 b BT A S50 E— BB
ZAFRNE B, PR B BE B RN ET 6 Y AT Be
TR . HEA LSRR Loy N 4 B BEAH I 454
FRZ A W2 A U R B R = (13) B

Ligs = Lig + Lag + LEg + LS, (13)

ST, Ly RS4R3 SRR
3 EWHERSH

SEHG V-5 K H Inter(R) Silver 4210R A%, 128
G W fE, GPU N Nvidia RTX3090, % f7} 24 GB;
T BE 2% > HE 48 3] Pytorchl.7.0 5 CUDAI1.4 1
GPU iz f A LA M. cuDNN11.0 IRIE242] GPU Hsk % .
SR AR F Stanford-cars 2R . Compcars [
KBRS A S 5 RS VMRURS!,
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Hrf Stanford-cars £ 4 45 fH HrdH - N TR gL =
KA, AT 196 Fh AU ER SIS, 16185 skEHE,
Hrr Il SRR AL 730 8144 5K A1 8041 3k, Afak
FUR RS0 B I i . AT A A P44y 3 M
K. Compcars R EM T 228, WK O W5 4
R EEEARAE , R R AR B R T A [
PG T A0 25ME R, A A AR AR SOk A3
A Compcears W25 5 HE4E BAEE T A %
PO B 225, s 163 FlR 420, 1993 Fili/h
KR, 330955 sk, FHA IR 43
16016 5K A1 14939 5K FLE0I7 50T By 42 A A 4
VMRURS A A T Fik 2 MEdE 4k B T M 248 TEHL,
ERE T LA RAM LARMA T . AFEbER
RS HUTRE B0 0) = o BRI, A B2
WERE T Bt R A AL BIROR, teah, AT 4k
PEARE TN NSRRI R E S0, W EERTAF
M FA NHEFA AT T F B . % 5dE £
3847 sk MG, AL 48 Fh AR, YL AL 73
3096 5N 751 5K IEMER, B ARk A TANEDE IR
BE ORI 0 A B PR 2 i R

RPN H6 Aok 4 25 METR R A (accuracy)
AP, PN BRIl (14) Fis
Zi =Yi
S , (14)

m
Horpy i FREWREART S, m WEWRE, v
ZERIPUI B Ly A TR SR
3.1 MESHIEE

X T AT i3t =X 22 k0 B ResNet 42 0051 IR 4%
FEVNZEB B L5l A 00054, i A USRI ST IR
550x 550, FFFEHLEREY R TRy 448 x 448, K H/K-F- B

A

FEUEATECR I O, AR50 UE Y B A BRI ST R
550x 550, FFHULEEY Tl 448 X448, AT N
B yComa B AT FN , AT BLAH A=A B A T
MZE . Fr A PLCB A H il RCDB A K AE |
N BORVER, FERAIER B RSN SERTH R
BA AN Gt B bR KON E R 24, S22
200 &, FIUR2E T FBEE S X 107, FEE 100 Fo A5
150 43 0 5 < 105F15x 1070, BhE¥EE N 0.9,
2 ) B BT FH AR AR JORMEHEA TR R RS, R
Ak 2% 5 FH B AL A6 i R R% (stochastic gradient descent,
SGD), B %5l piE R 025, & 5 4 T
Stanford-cars ZUHE4E . Compcars W 45408 5 Fll B 5237
SN RV BORAE VMRURS |, topl #EH 3 B(0-
0.4) BUER AL I E, WIHE T BIE N 0.25 A
M

WIS FTLAE H, YiESE BRI 0.25 BF, ¥
g VERE AL, BLRT L5 5] A RCDB #idk, i 1 fifi
BLIE IE 25 )5 B ANAT DA 0 28 56 13 21 il 25 M DX B
WA LSRR B E X, M0< B <020, HT
ZF Ot IG, 2 ICTEHE s 0 B X, weliss 1)
2 TEAR WA ISR BE ST, PRI 2 R PERE 3 T
T, M03<B<040f, HTEFILAIES S, S
TPt 20 W ERRIE, AR TR AR BRI, B
DA ERERIRE B T N, BT LU S BRI
I DX 8] R 3% k[0.2, 03], KB g & — BN
0.25,

3.2 Ml ZFninik

XF Tt A 2207 B i 13X ResNet 2= 1] )
%4, 7F Stanford-cars 54 H A T I 2RI X Y v
Tt R AN S AR A AE DL 6 Brzs . IR AT LIE
B VIZRAE R g, BUNMER R AR =, B (E

95.8 98.9 . K&
H 95.7 | A gg-? . 97.3
< 9561 - < o0 /\ o 972
= 955 = 985 - 2 8
© 954 | = 984 = gg-g )
95.3 982 s
95.2 — 98.1 — ' .
0 01 02 03 04 0 01 02 03 04 0 01 02 03 04
B B B

B 5 Topl/% Eitwt£&B. (a)Stanford-cars k B {ixt RCDB 4%
(b) Compcars L B {4 RCDB #1%7%; (c) VMRURS L B 1+ RCDB #)% %

Fig. 5 Top1/% curve of change. (a) Effect of 8 values on RCDB on Stanford-cars;
(b) Effect of 8 values on RCDB on Compcars; (c) Effect of 8 values on RCDB on VMRURS
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ARG, YU AT e TRuE R, Y%k
Y T 3 F0 36 TIE 9 B AR 2 sk, DI o R
train_ Acc I ZIA% T 99.8%, FREUHERGR test Acc it
ZIRFN T 95.7%.

10
100 99.8
L)
/ 18
80 \ ‘ train_Acc
| —test_Acc 16
< 6ol —train_Loss ”
) \ test_Loss 3
Q | {1 43
< |
a0t
q‘ 12
20
J 10

0 1 1 1 1 1 1 1 1 1 1
0 20 40 60 80 100 120 140 160 180 200
Epochs

B 6 M%&) %fthieidfz
Fig. 6 Network training and testing process

3.3 IHRLSEIGXTEL 4 H
3.3.1 PLCB EHRYIH%T L
BT E 2R ResNet 70 7 JH 1) [R) 4% 45 455
HepytEH, 7 Stanford-cars (a8 L JF @ T 1M ML,
%2 451 T PLCB TEANRI B B (A% L 43 I/ IRk X 25 1
TR SEA 1Y O3 o T8 S L A UG AR TC A& 1) %k
AR, IR 153280 n EUE
SIS PERERI 220, X EL SRS 2 PR

k2 ZAWEPLCB W14 K/ t1kii
Table 2 Comparison of PLCB split size at each stage

Stage1 Stage2 Stage3 Stage4 Accuracy/%

1 1 1 1 93.5

2 2 2 2 93.9

4 4 4 4 94.2

8 8 8 8 94.0
16 8 4 2 93.6

8 4 2 1 94.5

4 2 1 1 93.9

R 2, BB AT n=1 ARSRBAT HEAT ROAR T o A
RIS, 55 2. 3. 4 170l RS D) 7
L 2x2, 4x4. 8x8 KR/NHYRIAR . A 2 TRIE
FIARIAE LI 4R BRI T IE R D 73 RIRCR
2 W 2t R AR 4 AR o) A2 R B AT e s Y
n=2 I, FRED) i fl, 2 EE BURREF AR A
Wi X n=8 I, RIS, SSEOE LR

MG, BIAZTOREHE, &R A BT
Wés 4 n=4 i, xS IR A ok B o B i 8z
BFRR I AE B ARG 174, BERHR B edE . 268 5.
6. T4 A 2R BAR, A EGs i i) 2 S8
n TS . WELRUL, EVZRNES AR B n 2
AR . KRESIREREW], Xn=(16,8,4,2}8], H
FIAE I3t FAGAN, RS X3 A 40 DX SR Ak
RAR, FEGPUNFERA T TR Yn=1{4,2,1,1},
i TR 5rad TRURE , 48 AE 20 JE S Al
KRR, O A PRI E A B 2R, 1 AR
PRI AEE; Mn=(8,4,2, 1}, MKHEBLETE
2 ) B Ak FERR 2 227 ) MR AR, PRI LA e
FEPUNROER , WIE T 2005 S mg Xt 42 B0 19 A
Rk
3.3.2 RCDB A B %E#H

T i — 2 XF BT 4R Y RCDB AR i A 25 (1)
AN ) 2 B0 2R BT 55 1A stk Ak oA T
A RCDB 5 e 114 A [a] 57 & X6F 4 20 R 550 55 SR (14 5%
X RS g R 3 TR . R HCE B H A
ResNet50 H1 4 4> 5% 2 % 45 AN ] J2 (1 % e (0 A5 780 3L
AR . i 3 ATLIA 1, A LR IR ) ResNet50,
$& A9 RCDB N AR A2 2 5 i U SO A
ANEIFEEE R TE, HAPAE Layer2 Fil Layer3 J2 1942 T
BORRIHE, SRR FT 1.4% F11.5%, XEF R
B JE M T IR S B2 A0, RESR IR
BN 100 22 R BT RREAE . A LG TR, A
{2 JE4#0iA RCDB #E8 BAT B A UM RIOR . Y
ResNet50 7E Layerl-Layer4 HH i Az Bibe f5, HiR
BB R E A

4 3 RCDB kA TRF &G iR A 2R ik 5 1
Table 3 Ablation experiment of recognition effect after adding
different layers to the RCDB module

ResNet50 Layer1 Layer2 Layer3 Layer4 Accuracy/%

v X X X X 91.5
4 v X X X 92.3
4 X v X X 92.9
v X X v X 93.0
4 X X X v 92.6
4 '4 4 v v 93.2

3.3.3 BRI
g T B TR 2% K A AR 4 B
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BT WA ME, 7E Stanford-cars R4 - FEF 7T El
SCEG T, SEEGEE AN 4 Fon, WERTTLIE N,
Baseline 1 T H R KAVSFAFEREEE 1, 7EZERIR AT
Fh O WS T LSS R, R D & RE
91.5%; 7F Baseline A4 3Ll b 7 ik 28 k7 B o
ERUEHL (PLCB) Ji, 1S MR RIS T 3.3%;
VR INFEHLIE 1 E S (RCDB) B, 28 i 2 45
T 1.7%; #%J5¥ PLCB fl RCDB /il A Baseline H7,
4% 5 Baseline FHLCEE R T 4.2%, iK% T 95.7%-
PRI, T Rl SIS0t EL 45 SR IRIE 1 T4 0 268 (A 81 o

¥ 4 REAEHAR KA R % 4G IR

Table 4 Different modules are added to the network

Baseline PLCB RCDB Accuracy/%
4 X X 91.5
v v X 94.8
4 X 4 93.2
4 v 4 95.7

3.4 EMELIEXTEL S
3.4.1 PLCB & BrBerI AL Ho

h T it 2L R i 2 2 FE ResNet 25743
(AR S € M I DEERL 97 =W % R W B I E S AE 820
(PLCB) i il 28 22 7 B VIl AL e (PMTB) 15 31 454>
BB RRIE R, AT AT A SE B XSt T . B,
1£ Stanford-cars ZU 45 45 . Compcars [ 2% % 45 4 Fll EL
T R AEERSE VMRURS E AR T
PR T AT . R E8TEAN ] By B A B3 4 AN [+
1) 220 B REAE AT AR 25 R N 7 o . 141 7 v Stepl
FR PLCBHE UM IR JZ 71, S8 niX BN 8;

Step2 %7~ PLCB $#2HU T ZHEE, S8 n K E N 4;
Step3 #/~ PLCB 2 HUIRIZFHE, S5 n &N 2;
Step4 #/~ PLCB ¥k )2 . M2 FIRZRHEPHE S 1
FRIE, Z80n &R 1o B 7 W50, 7 Stepl Bk,
i T2 B 32 , PLCB % 4290114 58 22 BRAE 46 AR
RETIARAL, PRI RBEC I B A4 B A 8 nli 77 St
5 s 1E Step2 BB, PLCB BEAEHEHLE]— 00
JFEE R, R RS E R, B
SR REMERG 2 W E R X, SR B A 4
fiE; 7F Step3 BB, PLCB 7EAIRJZA $000 A FRAE $2
HURE ST, W48 AT LAE o 1) 3 MR 0 X3, e AT 4%
{555, 7F Step4 WrBt, PLCB BHERT 3 AP BEHEHF
PARRE, TR ZHE AR IE UE R, BURER
fERE I Ecom , TERHESREBGR 4 5 = b7, Bt
TE Stepd B B4R EUE] A RRAFE7E 7T AL RCR 15 Step3
B A AR SR A — B0, At T A AR nT 2 B 3 i
PR E YNGR (PMTB) Xt Bir 48 [ 45 47 11 2%
) 245 TT DA A 380 ) X
3.4.2 INABAEIRE FTAALRT He

R T i — IR U R ResNet 4 A4 L1
I 25 25 A HL () A R, 7 Stanford-cars B4 4E |
Compcars [ £ 0 9 4 1 HL 52 3 5 1) 42 20 4 4 4
VMRURS b #EEEA R A T 0 40O A A
HOF T ATk o, SEIe s AN 8 FiR. 55 AT
i FH] Baseline $EHURFIF I, T HRE 28 F13) i 4G DX 380
A0 R A R B, (R T M S R e HRE )
AN, 2 HBUE AL TS s T, e E R
M ZE BRI . AnlEl 8(b) R BIBNE RBAT, (AW
TSI AL THeE A, & 8(c) P B Rk 4L, 3
SR AL T4, 5] 8(g) ThUN B AT At

B 7 BAUEe &R AR T LA

Fig. 7 Visual comparison of vehicle recognition in each stage
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Images

Baseline

Baseline+PLCB

Ours
(Baseline+PLCB+
RCDB)

- 3=
)
> |
=

A8 MmABAESE T

Fig. 8 Visual comparison of after adding each module

E AR R B 42 B AL 3 X A A T Bh O DX ek, 25 =
TTINA PLCB )5, FrHEMI4 sl 2 h 1 R a3
PRVE L Z BT | TR P A i o 31 o 1 DI
W&l 8(b) H AT LAERA & A 2 4 AT B R R TR
S, B 8(c) HRT DA B AR AT A AT R
Fl 8(g) H Al AERR RN B 2T Ak o 56 4 47 WA SO 4
K%, B4 &) i A PLCB f& 5 Fll RCDB A5 5 )5
JITHE I Z AN AT LA SR ) 0 0 0 2 PR AR X8, 38
AT LA B e A B 7 AR R X, Al 45
() S SRR AE AN HE00) 1 AR B HEARIE , nl&l 8(b)
FFORACRT AT B 42 R AT 45 B AR, i8] AR
B4 U TR BEERRE, 1] 8(c) HA AT AT
FIZEITES, BT UBONRIEE 4T, E 8(g) A
AT ISR AT ARAE , 36 0T RASEUI B AR S5 ViR
fiE, ST BB AT S5 o 4 TR
3.4.3 AP RIRALRT

R T B — U R ResNet 4711551
W28 AEAS ] T 451 B ZE BRI e, BEEU) 43
JEEER B G ERMGIA T nT AR F oA, X gt SR A
B9 e SEIFEARM S 1) HHEAEEmHE,
e VAT oR, AAEER0E A B N, I EAE
YIZRAE il AR IRIAER A L OREAS s 2) A B R A=
JBA, S 247N, RIS AT THOY, RS
BB T AP ECE A SRR IE & AR T 284k, XU Al
T 3) HEAA BRI E T & el N, T
HeBit A, s 347 R s 4) IR A R T
WO AP, s 4 15N, SRR L, ok
FRIEIERCRHE; 5) KT A Z A0, XU A
?ﬁ e S AT R . XiF F I R i BRAE BT A 6T

55 W 27 ) SR I AR B A AU N 4%, A4 3 Fsk
T REERFER SR, 53500 Ry A0 B R E 38 58 0 o] )

%% (feature boosting, suppression, and diversification,
FBSD), 4t ¥ )2 2 R M 45 (cross-X learning for
fine-grained visual categorization, Cross-X), ik Ji& &
JZ5] 5 M (cross-layer navigation convolutional neural
network, CN-CNN); 2 F3t 33 2 0122 > 1R g, 7
T A 2R B A T 7 4 5 ) 2% (weakly supervised data
augmentation network, WS-DAN), ZIlH7 f fz F5 501 =
JIM % (counterfactual attention learning, CAL); 1 FliJk
T HARE L AR NS, LIRS 254 A N 45 (look-into-
object: self-supervised structure modeling for object
recognition, LIO); 2 FAFIEF AN RS, 4300 A 4k
JE£ 1 K B 44 ) 2% (destruction and construction learning
for fine-grained image recognition, DCL), #&F #f & 4=
B A 1Y 2Ok iF =0 4% (progressive multi-
granularity training of jigsaw patches, PMG), i SZ5 %

il &y, FBSDPY. LIO™, DCL™,
X CAL"?. WS-DAN" | PMG™, CN-CNN"™' %
XF L W8 AEAN [] T4 AT 2 AR I A8 R AR A 2%
XF 2 BRG] . JCTE SR AR B RUX A ),
1T T 4 090 2% 368 3k 5 | A g = 2 0 B ) 3 4 FRURSER
(PLCB) %ﬂﬁﬁﬂﬁiﬁ%ﬁﬁi}% (RCDB), AMXA] LA
TR b 0 3 0 B VR I, IR BRI ) S X
T 2 B e AR WA, A AR
SRR BRI TR R4

3.5 EEXWNTLE A

R m o AT B BT E SR 2k ResNet 4271
MRS RN, S B — LSk 0 3T 55 B 2= 2
R W 1) ZE AL R B 7 IAE Stanford-cars 55 4
Compears [% £ %3 451 FIEL 52375 F B9 45 08 48
VMRURS"™ | 47 e . HLURAY, XF B R4 A 4%
FBSD"!, LIO"™ ., DCL™. Cross-X"", CAL"", WS-

Cross-
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Images FBSD LIO DCL

Cross-X CN-CNN PMG

WS-DAN Ours

B9 RE %5 R RA TR
Fig. 9 Visual comparison of different network vehicle recognition

DAN" PMG" Fil CN-CNN"™, | 3R 482 3 (%) T A 7
YEERIEAEFLLZE 2% (ResNet50) HyFEAE F 7, H
H FBSD! G| A TP, —Jr TSR AR E
b i 2 R, D — A ) ZERR RS E SCE A
HE, BRI NEREE R, OISR =1
BodE £ E oy B R 94.4% ., 96.8% F 92.3%:;
LIO™ i@t A W Ak, X 2520 (e R 2 gk A 7
B, ARORH T 50500 N EREEFRRE, RUORAE =
AN 23 IR TR 94.5% . 96.8% F1 94.2%; Cross-
XU I AN TR G L B [ 248 J2 22 T ) 9 R oA kA 7
Fafdt i 2 ROEERRIE: ), RIS AE = A B4R 150
WL TLE] 94.6% . 97.0% F1 94.6%; DCL"', PMG™
KA R B IR AT T AL, SRIG A5 2R
AP 2200 B SRR RRIE 7 =B AR )
B Ar HE BT 94.5% . 96.7% . 94.7% F1 95.1%
97.8%. 95.7%; CAL"" Fl WS-DAN"" il i 5| A 1 &
JIWUH, W S R DA TR, A = AR R

R AIEBNT 95.5%. 98.0% . 96.4% Fl 94.5%
97.1% . 95.6%; CN-CNNF| F] 4 7 15 45 46 i K 4
WHCIC M, Bt —F T A E R ] A Xe]
FHEAGIR AT, SRR ZBIRIERE B, £ =4
Bt A U OR 53 A BT 94.9% . 97.6% Fi
94.9% A SCRTHE S Ik X 2R ResNet (45 1T
E2 iR usawil NG I a2 L
S BB (PLCB) 454 B AL I8 18 X 5 8 (RCDB)
PR ZREE L AR I 2R EERHE, 15—
A EHE S BRI ROCR 0 iE BT 95.7% . 98.8% FI
97.4%, LT HE RPN L4, BARXS 25

m s .

Fr Params R S H R, AEAS M S AR 4 25 (8]
=%, FLOPs (floating-point operations) 3% /i IF 115
TFUB, REMSAT EEROR I E] &2 B, Ferh Speed 3
IR R E AT O . T 2R BT A R R R A A
L1 24 ) Al L BEATctE, R B7E Params il

A5 KREM%ER R EHE K

Table 5 Comparison of recognition accuracy of different network models

Methods Backbone Stanford-cars/% Compcars/% VMRURS/% Speed/(f/s) Params/M FLOPs/G
L ResNet50 915 94.1 87.1 4.15 23.50 33.05
FBSDP! ResNet50 94.4 96.8 92.3 1.73 46.82 53.11
LIo®? ResNet50 945 96.8 94.2 3.60 2457 33.06
DCL® ResNet50 94.5 96.7 94.7 3.46 24.91 33.06
Cross-X™! ResNet50 94.6 97.0 94.6 3.88 25.56 38.86
CAL!" ResNet50 95.5 98.0 96.4 3.72 33.73 33.08
WS-DAN'™ ResNet50 94.5 97.1 95.6 4,02 33.24 33.08
PMG®? ResNet50 95.1 97.8 95.7 2.94 45.12 69.82
CN-CNN™ ResNet50 94.9 97.6 94.9 1.92 42.31 47.65
Ours ResNet50 95.7 98.8 97.4 2.97 40.64 69.61
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FLOPs (155 F#A AN FRRBE A3 N, 5 HAh 8 Fpt
T W 2 S SRS B ZE LR BN A L, TR
F5I AT PLCB #l RCDB £, F:{#/H PMTB (¥l
SR TIINGR, FECS AR L, YIZRA S5
BAETE, X387 4064 M, AR E WA
T, BENT 69.61 G, (HJE 5 [FIFEAH FH 200 AR
[ PMGY M H, MRS AR UM ME R R AR S AU TR T,
Params £l FLOPs #BA8 A~ ) F2 B /b . 7 33 1
AR SCHY P28 S BE TR B T 2.97 fis AR, AR RELR W 4%
(RN L, A TR R, B T SRR
FIHERGR

4 LERIE

T — Rt 2k B ResNet 427050 [ 4%
56, Ll ResNet WEZEAVE B T M4, &2
i BE R S R (PLCB), X AN [RREBE 90 591 ) 22 40
PG AT R R, I 2 A BT BB A% DG T 3R
I 7 J3 0 ) ZE 0 R R 5 R, Xk 22 S
fiE P ) BEALIE 1 % 738 (RCDB) 2847 e HLIE 1 %
Fi, ST 48 X A S S DR I B T, B
A i B VE AR BRI A ST s B, R e
A ZRLENE (PMTB) X e 28 #4711 %, 51
S 24 PEEUCH HLHEBIPE R 2 BEPERYRRIE . E Stanford-
cars UIEHE | Compcears W 45 28 T 4 UKL PR 42 Fn
BB N AR ESE VMRURSY |, FH4E T
TIHARSEI T AT . PSR F AT L R S
XFECAIHT, TR RN AE = AN B A L U R 5y
WEAENT 95.7% . 98.8% H1 97.4%, Fe/riEMA T i
B EAR S IER M EEE, fEACk TR, #ak
— s F 22k B N R SRems . DORRE 2 2 ik
JEPRERZ R FERHE, IF5 IBAS G RRIE X 5 L BT 1545
TR T B IR
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Progressive multi-granularity ResNet vehicle
recognition network
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Overall structure of the proposed network

Overview: Model recognition aims to identify specific information such as the brand, model, and year of the vehicle,
which can help verify the accuracy of tracking vehicle information. There are two research strategies for model
recognition tasks. The strategy of strong supervision and learning involves utilizing image-level labeling information as
well as additional bounding boxes in the model, component information, etc. Based on the strategy of weak supervision
and learning, only the image-level label can be completely classified by fine particle size models. Most classification
methods for weak supervision and learning adopt strategies such as attention mechanisms, dual-linear convolutional
neural networks, and measurement learning. Pay more attention to the significant particle size of the vehicle's grid, tire
tires, and other large granularity, and ignore the characteristics of small-size vehicle characteristics with distinguishing
power such as car logo and door handles. Aiming at the difficulty of the vehicle due to the imaging differences such as
posture and perspective, it is difficult to identify the model and propose a variety of multi-granular ResNet model
recognition networks. First of all, using the ResNet network as the main network, propose a gradual multi-granular local
convolution module to perform local convolution operations on vehicle images of different particle sizes, so that the
network can be paid attention to the local characteristics of different particle-level vehicles when restructuring. Use the
random channel discarding module to discard the multi-scale local feature map for random channel discarding, inhibit
the network's attention to the characteristics of the vehicle's significant regional characteristics, and increase the
attention of non-significant characteristics. Each training step is added to the classification loss. By dividing the network
training process into different stages, the network can effectively integrate the multi-size features of the vehicle
withdrawal, and guide the network extraction of multi-scale characteristics of vehicles with more discerning and diverse
vehicles. The experimental results show that on the Stanford Cars dataset, the Compcars network dataset, and the model
data set in the real scene, the accuracy of the network recognition accuracy has reached 95.7%, 98.8%, and 97.4%,
respectively. Compared with the comparison network, the proposed network not only has the accuracy of recognition
but also has better robustness. It has achieved very outstanding results in real scenes such as low light intensity and
deformation of vehicles. The effectiveness of the model recognition on the road.
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