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Research on Lightweight Image Classification Algorithm Based on
Multi-Branch Bottleneck Structure
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(School of Physics and Information Technology , Shaanxi Normal University, Xi’ an, Shaanxi 710119, China)

Abstract: The traditional convolutional neural networks have many problems, such as large number of parameters,
long training time, and insufficient recognition accuracy of the lightweight models. Based on ResNet network, a lightweight
network named RemulbNet (Residual multi-branch structured Network) with multi-branch structure, which increases fea-
ture diversity with multi-branch structure in the backbone of the residual structure, reduces the number of model parameters
with the depth-separable convolution of variants, and also increases the nonlinear expression capability of the network with
Mish activation function. These measures can effectively reduce the model volume and improve the classification accuracy
of the network. Using the image recognition database, the network performance is tested. For 5 categories of flower identifi-
cation, RemulbNet improves the recognition accuracy by 3.9%, reduces the number of model parameters by 71%, reduces
the model volume by 77%, and shortens the training time by about 40% compared with the ResNet network. Facing differ-
ent image classification datasets, RemulbNet also shows excellent performance in terms of recognition accuracy, model vol-
ume, training time compared with the lightweight networks (MobileNet v2 and ShuffleNet v2).

Key words: lightweight networks; multi-branch bottleneck structure; mish activation function; deep separable con-
volution; image classification; convolutional neural network
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HOHL AP IEBE E T CNN 19 Rl . 17 2012 4F 42 1 i
AlexNet>*5# 1 RelLU pREL EHE G 08 A1 dropout %5 /7154
R 1 CNNRYPERE . /E 2 2014 4F ILSVRC (ImageNet
Large-Scale Visual Recognition Challenge) o TR ek 2
GoogLeNet* [{I% 0> LA S Inception £5 4 , 3 1 FHAS [
TN B G0 R4 S G TIRRAE ) A1, T 46
ST PHE LRI 48 i S8 Flis Bt . [FARI VGG-
Net * U Xcf 90 45 VR BE (AR R , AR LGRS D T i 22
F GoogLeNet, (H/NEFUZ R FFTIER I 265 5 i 265 A\ LA
JE7R . 20154F , ResNet ™ H5% 22 45 A ke 17 4% (3R 1k,
M2 aT UL ATREINTR . [RS4SR T 4t H—1k
(Batch Normalization, BN) ® S BRI TAL L %G54
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18] 5t 2 A5 R FN TR B ] 73 B9 2 A, 70 DR TR J32 1 [+ )
DRSO SRR AR AY ShuffleNet 2
£ MobileNet [y FEfill I K 2 i 45 LA T 7 2 #8AE DL %
channel shuffle"*" 44, 76 AR5 000K BE (19 5 42 T {6 38
AR A U R . 2019 4F (9 EfficientNet' ", %
FHE B 2R SRR, Swish S0E BREL, BB HAR N
AJE45 -9 5k ( Squeeze-and-Excitation , SE YBIHLH AL
25 LA B T RO

BEE DL N TR BRI, ke
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2.1 HigER
2.1.1 ResNet

ResNet [0 Rk 22 B8 AR QN IR 1 s . M
AN ), 25 B B R RAEIC R - H (o) =F (x). BIABR
ZEER G 2E B RRE N H (o) =F (x)+x. BT IEBEERED
T 25 F(x0) Ry OB A5 FHUZ FABCE SRR, S (A5 25 1
PEREAR 2 NRE. SR F(o) AR 0,48 7] DATE 12 i BLa;
AR R 2R HURA R AT 2] PERE . U

EEFR BT L2 1o 28 1R AR T R, ol 2 R BE . {HL
ResNet i B {45 TR KL A1 I 2 S Bua 30 A
TURRRPE , IR 2 AR 22 ]
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2.1.2 Inception Z5#4
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F LW 1x1 B 3x3 B 5x5 45 A 3x3 f Kt fb4H
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TR IR i 2R, 4 R D 25 143 N g, O
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25 AR TR 1 ] LU 3k 2243 SOAR BN 22 R 1) R R AR R
P ik DA AR R FEU R 440 R0 I S )1 2 7y [ 80, (LA A7 7
TR 3 g 1Y [
2.1.3 REWSESER

TR IE A 41 B 45 B (Depthwise Separable Convolution,
DSC) A 43 Sy % 3 1 % B (Depthwise Convolution,
DWC) F1i% 5 % F1 (Pointwise Convolution, PWC) 75 4
1B . 58 % RST 2 ixg 19 i A FRAIE BT (Feature Map,
FM) , Y3 R m B A RAAERE R AL RN ki
M BT G R B B AR B A A2
FH LA 73 B — D B, TR R/ R 1x1 i
B M BRI TE S R s R
WA HAE T HEE B TER R R A Z LT
M98/ 0 2% ) 280 R T o, DT 2 s B A i 17
A DN LR T
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DSCW,. W ,.);,=PWCW_.DWCW,y,,) (1)
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DWC (W;y)(i./) = zW(k, D¥Viivkj+1) (2)
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M
PWCW.y) = sz)*y(mm) (3)
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2.2 RemulbNet %%

ZFNFRE X2 2] Inception 45K SR AT 43 B 45 FLA
SEAE S K, AR SCAE ResNet [ EEAE 4R T —Fhi
B 45, R FR RemulbNet. 1% W 2% 72 %2 S (ARG £ AR ER
BETH G PRERBEBE — AN D7 T X I 45 1647 T 35801
2.2.1 #EWHIET

RemulbNet {28 AR FEZR AN 2 BT 7S, 9 48 ok 28 T kb
HF R R A B BT

Stepl K 3 338 [ R ORF 2 224%224) fif A5 7x
7B R K 3x3 1 A J2 A T M R 1 B R 4 A 46
1551 56x56 [ 64 38 i AU RFAE A .

Step2 : X REAE I — > 22 43 32 5k 25 B 17 ¢
TEFRERL 15 56x56 114 256 38 16 A FEAIE 1A .

Step3: Za i —ANFR 2= BI M, AbFRAS B 28x28 1 512
SRS

Stepd : - 28 1 PR A 5% 22 B B b AT 2] 14x14 (1)
1024 338 P RFIE R .

Step5 : FI| FH— 1> 5 25 A5 B b BRAT 2] 7x7 1) 2048 38
SENUESEREN

Step6 : 1 13 Jth b J2 A1 42 12 2 A T AR AL &, X R
BTk,

224x224x3

Conv(7x7) Maxpool

onv(1x1) ~
‘3WCOnv(3 x3)

2 RemulbNet % %%

M 2 7 B B AR HE SR AT 0, RemulbNet 78 72 WY
W25 2B B L BRI Bk 22, H L 0 S5k
EREHEE 0 M 1,1,2,1, 1% B B 5 ResNet50 [ 2%
5% 22 B H R 3, 4,6, 3300, (EL 45 4 S ) 5., 5 &%
WNT S8 B AR GRERT, 32T T MR .
2.2.2 ZHETHREEL

£ 03 3R A N RemulbNet Y% .0 , 3% 2527
X TRIE ]y BB R LA Je 2243 32 SR AL, SR T ]
3P . B JE, XA I B3 B TR 4 5 3 ok
i 203 SCES MO BRI T AR B . o 4y S — TR
IR 3x3 HR R, 2 S Al 3%3 i d kb Ak s 4 S A ]
5x5 & B, BT AL 5 2 3 = AGHEAT AL A L B

AdaptiveAvgpool

AdaptiveMaxpool

Residual connection

IR Ay ST A I R AR B SR AN A P 2 S AR AT
SIEG I YA . )R, TI AR 225 200 R R
5T RAEE W BUIGRHIE S N — R, 15 8 20 S5k %
FEOEFE I VR —Zny4m A
2y SOBBIE TR AN
DWC("Va.V)([,j): zPOOl(W(k,l)*y(i+k,j+l))
] (4)

KL

+ EPOOI(W(k,I)*y(Hk,jH))+ Pool(y;,s,.)
o

b, Pool it AR A , RS RS S E MR ] 7
BB .

=

DwConv 8
isxsi . Maxpool ‘ .

il
Maxpool . Maxpool .
I\ A

Conv(1x1)

K3 20 35k Rik

1T 223 3k 25 R ) R HE B SBCRE s Ay 265 FRU I v
A N ST R 1% U= G T '
P 0 FEERHE  [FIFRTAL T 28 S b T 41t
B BIRH 20 A5 Inception DL S IR BE W] 43 25
A LY SEVREURA ], AE L feff T A 2 4% 20 SO B 45 2R 22
I, B 2243 S0 38 T8 A5 AR, 7R 3G 58 R AE 22 AR 1 (W] B
ARBEAR TR S8R s B, e
B4R MR A R T B A 4 T R AR AR R, AR T I 22 2
RE T T, 70 S I AZ 4G 1 B TG ) TR 22 % ik
WAL, 2257 S8R 25 BERAE 43 3 i A FHACR i 6 FR L e
i 18 AR AZ T, b AT 2 P fE
2.2.3 HiERHAEE

P R EVE N B M 4 h i SRR B A
P ALY B MR, i Al FBE T 2 [ A s AR R 1 1Y
Rtk TEALGE R4, 18 6 Re LU /4 06 pR L,

ReLU (x)=max (0, x) (5)

Hr max(a,b) TR a, b Z TR AME . ReLU BRETH
A SIGHR BE P T A FE AR R R A A R T 2 1)
AL R AR RO B 2 AE A 2 55
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RGNS TR . FEAEIT | PR Mish pREL
YAy 0 PR, Hoe SR
Mish(x)=x x Tanh[log(l +¢*) ] (6)
Horr, Tanh ARF AU E Y] R Mish B 5 ReLU Mk
AR RN B TC A BRI vT LAk G B 1R A ) 8, R
IE I ZRad 72 . W, Mish pR O B HAG JE R i,
TE B RE DL/ B B R X 48 00 B2 i, AT 2L
Wz A RE T R AL RE J1 , AT AR AT ()42 5 I 26 Mg
RemulbNet (28487 T 5% 22 28 L R FEYE , 5800 &
£ 1 Inception MIPL AL, RIS AR EE AT 43 B4R AR AT 32
BT SR A R . BRSNS T B 22 4%
PR A )&, 1) HLGE T 28 LR i R W 28 T B 5N
JEFIGRFEIH A IR, 2 o5 e (e AL R 26
RemulbNet % 4% B EAR R AN 1 s
X1l ETFSHoTMTISEHNESREGSREXR
N R g
il S eSS ISR RS
L XFE AT Fdb B
2. MO IV AV EEAR A R4 AT R ) (G A B4R B4
U T
3. MR A 2 5 R AR T 90 4% 1 52 T A4 45 2
TRZET;
Ao I I 245 2 A i T R0, TR AR
5. I BRSO A QU B 40 908 2~ 4 PRAPASE I, 58 BN
6. SMERAL XA HEAT 32

3 XRELERST

3.1 FEXKEH

B VTR ARSI T PG , LRl 7 Al
At X EG B R S BIE (hitps ://www.heywhale.com/home/
dataset) FARI, 4 A HEAE T | HORI A= st e v Jk
PEAE ket . 7ESEge P AR R Bn A LA 821140
o IZRSR b AR (CIFAR-10BRAM). M TH65)
B O UL, B A 2 B S R, 5
WP ERR R , BT LATEDIZRRTEA T RS A B . AR SR HT

AU FAL PR (Pre-Processing, PP) Jr ikt  FEHL I/ NE BT ; Bifi
BUTER ; BERLAKT- B A5, ARSI iz ki

SIS IS R CentOS #:1E &2 45, Intel (R) Xeon(R)
£5-2640 v3 4bHigR , CPUZHAZECH 32, NAF 125.65 GB,
F 4 2.6 GHz, GeForceRTX3090 (24 GB .47 ) i . Py-
thon il A< 4 3.9.1, Pytorch Mt 4~ 24 1.10.0, CUDA Wit 4y
11.3. ] Adam AL &S , 38 SRR BREL, 2F 2 R E N
0.000 1,batchsize 5 & 4 325K, A RKECH 200.

®1 HE&£ESR

YGRS eSSl ISV TS
w WAETT 5 3670
AL TT 17 2391

[E8ES 3 5969

Adge! 5 4028

CIFAR-10 10 60 000

3.2 XWHERSHOITIE

N T %8 RemulbNet B4 fE , #5723 5 . RemulbNet
R 5 2 gl o) 5 R 114 % FE S [ B0 48 52 86 6 FE L
R 2] 3 S0 R BRI Ak 7 5 6 6 A5 750 44 R 52 i)
BT IS S5 LA 7 DG 9 4 B VERE AT IEAN . S B0 25
KA E D KA R BCFEI G ik, B
LI FE bR AR At 4L A R S AR A
3.2.1 HRhsCIg

B, LA S 23S e TR ) R 461, X5 RemulbNet P 4%
PEAT I Bl 5256, G PP A5 B0 ) B 25 A8 e i 18] 4 T 7S, 52
B aE AN 2 T

2 LLE ) AH U AZ G2 1Y ReLU, 3% 4% Mish 2y
T PR, KR R 0 24 2.3% , HLXF I8 S5 R T AT 5
) ; 7E ResNet50 AP IR FE Al 40 B SR anE 4(b) Fll 4(c)
Al LI 2) 449 28R 24 6.32% BN ZREERT , AT AN
YN 5 (il 5x5 BB AN E 4(d) AT LISRAS T M A9z
HF $ETE 29% R 6 5 TR IO TRAL B, o] DAFEAS
75 R 4% SERB R 25 R, Jinsi 2% B2 AR BE T, $ e 24
3%~5% HIHERA % . RemulbNet 38 1147 F Mish sRi%k . 29>
AL % E B G TR A SRR | HE ResNet50 2 55 29

R2 HEECIE

) 2% iR B ZHH/MB TRBU/MB IRt /s
ResNet50 85.1 25.56 90.02 2502
ResNet50(Mish i %1) 87.4 25.56 90.02 2592
ResNet50(DW Conv(3x3)) 84.9 14.27 46.97 2344
ResNet50(DW Conv(3%3)+Maxpool) 84.1 14.27 46.98 2381
ResNet50(conv(5%5)) 87.1 45.67 166.77 2728
ResNet50(PP) 89.7 25.56 90.02 2497
RemulbNet 89.0 7.50 20.98 1495
RemulbNet(DW Conv+Maxpool) 86.4 7.50 20.98 1433
RemulbNet(DW Conv+Avgpool) 87.9 7.50 20.98 1397
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(a) ResNet50 (b) ResNet50(DW Conv(3%3))

(¢) ResNet50(DW Conv(3%3)+Maxpool)

(d) ResNet50(conv(5%5))

v

v v v

| DWConv(3x3) | | DWConv(5%5)

A 4

I:‘] | DWConv(3%3) || DWConv(5%5) |

Maxpool Avgpool

DwConv(5%5) |

| DwConv(3%3) |

Maxpool
O

Maxpool Maxpool

(e) RemulbNet

Conv(1x1)

(/) RemulbNet(DW Conv+Maxpool)

Conv(1x1)

(g) RemulbNet(DWConv+Avgpool)

P4 ARSI BN K

1.3%~3.9% B UERR R, Ik 20 249 71% WS 80, 29 40%-~
449 YIRS ), KM FE i 1 4% 1 27 5 Mg

&%+ RemulbNet ) 253 37 R 22 MR = Fhgh 44, 18
AT R SR TE I, [ 4 (o) FToR BB AN th AL i
g (AR R 1A AR AT LT 4 i ) $ BURFAIE
il Ab X H B BT AR G A AR B L el S0 I A M
B gl S B AL 4G B R A rERe .
MAEE 4(H) F14(g) i HER SHibA &, BT 5
R K AT AR 80P KBRS S st T, PR 428
SR A BER.

3.2.2 ARMEEBARTEE

AT B IE RemulbNet #5250 78 ERf 2 AARFUAN)I 2%
B 7 1T A M BE (R AE T 5 40 R BUE 42 L B RemulbNet
5 ResNet50 ., EfficientNet v2'"*' ) Kz 25 Hit i) 45 15 750 o) 4%
(MobileNet v22% 2 F1 ShuffleNet v21220) 4T T XF kb, 4%
e 3 MK s s .

H 2 3 S & 5 AT LA Y, ZE U1 5 H RemulbNet H 84
TR, Y ZRd0 5 B ARG T A 45, 81 2% 1 B /M
}0.07; FERGUELE |, ASFE R A TR BIRS B n] LAAR Pk 5]
FasE B B H 5 RN 91% 1 EfficientNet v2 4%
AHY s 7RI b % 2% 18 1 B % L ResNet50 15 H
3.9%, It ShuffleNet v2 5 i1} 7.9% , th Hb Ho At (14 0 4% =5

R®3 HHIRFILEGSZH)

) 245 W% | ZHR/MB | (RBUMB | IR/
RemulbNet(PP) | 91.6 7.50 20.98 1536
RemulbNet 89.0 7.50 20.98 1495
ResNet50 85.1 25.56 90.02 2502
MobileNet v2 81.6 3.51 8.74 2089
ShuffleNet v2 81.1 2.28 4.97 2284
EfficientNet v2 86.6 21.46 77.85 4881

29 2%~T7%. TERIBLARFR I 10, ALY LE ResNet50 {4
FRERUE T 77% , b EfficientNet v2 R F8 /D 73% , (H A 2
W3 T FL A A FR i T 4 . ZE VI ZRAERT b AR L
ResNet50 . ShuffleNet v2 #1 MobileNet v2 M 2% 95 2 T
28%~40% N5 A, He EfficientNet v2 28 4508, 1 24
69% I ZRFERT . B, 7EZ55 1 BB J5 T, RemulbNet 554
e HAl X A 145
3.2.3 ARHEELIEITEE

17 3 2460 (B A CIFAR-10 £ di 48
X} RemulbNet i ¥ 88 #F 17 7 i — 2 gl ik, I+ 5
ResNet . EfficientNet v2 . MobileNet v2 Fll ShuffleNet v2 [
AT T R SRR 4 s

R AT LA S5 M F A6 17 53 2341 LA



1324 I S 2023 4F
T T T 1.00
1.50 RemulbNet train
ResNet50 train
125 MobileNet v2 train | 0.87
——— ShuffleNet v2 train
——— EfficientNet v2 train o)
1.00 = 0.75 r N
&
= o7 W;’
Ko7s Xy = o
5 \\\ Wi, = oy
K a
= 0.50, M"_""\m RemulbNet val
\\...\ WV\MW 0.50 ResNet50 val T
02 A‘\N\ w« YAy MobileNet v2 val
’ ) o W PN VMRS ShuffleNet v2 val
M MA N A 0375 —— EfficientNet v2 val |
0.0 | | |
B30T 1000 s IS0 TS 200 0 25 50 75 100 125 150 175 200
EAEL JEARUEL

(ORIERIES

(b) BSIEAE R

5 LKA X e

®4 REMEETR

SR | REY | INgRAt

PGS SIS %% | )
®/MB | MB [&]/s
RemulbNet(PP) 98.7 7.50 | 21.08 | 1183
RemulbNet 95.3 7.50 | 21.08 | 1175
175325 ResNet50 90.6 25.56 | 90.11 | 1723
TETT MobileNet v2 94.0 351 | 8.80 | 1465
ShuffleNet v2 90.6 228 | 5.01 | 1552

EfficientNet v2 94.8 21.46 | 7791 | 3229

RemulbNet(PP) 98.0 7.50 | 2097 | 1546

RemulbNet 97.8 7.50 | 2097 | 1544
R ResNet50 97.0 25.56 | 90.00 | 1873
(3%1%:100) |  MobileNet v2 96.6 351 | 873 | 1646
ShuffleNet v2 95.6 228 | 496 | 1777
EfficientNet v2 97.5 21.46 | 77.84 | 3904
RemulbNet(PP) 96.0 750 |20.98 | 1738
RemulbNet 94.0 750 | 2098 | 1711
ResNet50 94.8 25.56 | 90.02 | 2678
28 -

MobileNet v2 94.0 351 | 8.74 | 2291
ShuffleNet v2 87.5 228 | 497 | 2495
EfficientNet v2 95.5 2146 | 7785 | 5214
RemulbNet 94.6 7.668 | 20.99 | 3474
ResNet50 94.6 25.55 | 90.03 | 4848

CIFAR-10
o MobileNet v2 93.2 351 | 876 | 2653

(1%4X.:100)
ShuffleNet v2 91.5 228 | 499 | 3733

EfficientNet v2 92.2 21.46 | 77.87 | 7776

ILH]90% LA F ER 3, 5 RemulbNet %25 A %
e U5 B ] S5k, AR Lb Al 099 28 ) B B 4 R T 24
19.8%~63.6%. [F]FE 1), 18 B H BRI 25 3 1, Re-
mulbNet 5 EfficientNet v2 X 2575 k5 & FFEMAY B &
e THAMM L . AESH0w I ZFER J7 T, RemulbNet
T EfficientNet v2 Fl ResNet50 4% , ELAg %5 = 1315

R AR R R E % |, RemulbNet (1 55 % 1
ShuffleNet v2 24 &t 6.5%, I Z:FE (A ShuffleNet
v2 1] 68.6%. X} CIFAR-10 B4 £E 1) L 16 45 SR W, Re-
mulbNet 5 ResNet50 %45 {0 E i K A7 24, (H S HCR UM
ResNet50 1) 30%, Il ZEFERT A ResNet50 119 28.3%, R 1¢
PRUEHER RS T BB A0 F B B @ i B aeR . A
5, X} b EfficientNet v2 . MobileNet v2 £l ShuffleNet v2 [%
#% , RemulbNet 75 £ #f 2 FJI R FE i 5 i B A5 B 9 A%
PR

WL LA SEER AT LUE 3 TR BIEUS B RS  Re-
mulbNet 7EHERA R 7 T #B EA B PERE , B 55 T Mo-
bileNet v2fl1ShuffleNet v2 1% ; 5B AR T HAb I,
FEE A RIS AT i & s e S A AR v
RemulbNet "t T EfficientNet v2 FlTResNet 50 P4 .
3.2.4 AR SH Y RemulbNet T4 AE K 221

e, 8T BE— R 5T RemulbNet Y PEBE , £l
B UL AE TR X2 20 3R B eR B B A ] A P e 2
X I VERE S AT T 400, SEER 2 RSk 5 3 6 F
7 s

2fdi ] ReLU ,PReLU ELU Mish Hardswish X2t pRi %
it , RemulbNet i) 1 5 2 43 51l 2 90%, 90.5%, 90.7%,
90.1%,91%, FIRAT PITERARAEGT W 28 oA BESE AN K
Mish IRBIERTZ R 91.0%, & T HABRREL . M40 4r
TG PRSI , 22 HR A UG PR R R AN 6 i . o,
xR Sy A SRE(E . IRl i ZE IR AT R
B LA (HRAE B, Re LU S5 A Z ,PReLU G
AL ELU A SUEA 3 215380, Hardsiwsh
FARLA R ZR AR, T Mish pRECEH ALt BAF
FE T3 Mish pREUI X —FEMA AR TIHARCE.

F 5 AR 2 3 R R PERE RZ R . 22 5 R
TR R R SR, Ul 2k TR AR AR R KL 2 =



o5 I 3T 2245 SOM A LE #1410 R 4 2RO IE 5T 1325
3. R5 FIRIFEREBEME
Mish 23] % WER /% I Zxmta)/s
2t ReLU 0.000 1 91.6 1536
PReLU
— ELU 0.000 5 92.0 1567
=1 Hardswish 0.001 92.9 1587
0 *o6 MiL=ETEE
1 _—— | AL W% VIS
B 123 SGD 88.4 1764
X RMSprop 89.0 1553
6 o R EUR Adam 91.6 1536
0.001 it , RemulbNet 1 51 /5 %R 35 75 4 92.9% , B (i J NAdam oL3 2007

BRI 27 ) ZA] LR T 28 B PR BE , T AN 22 5
AR Gk ERIRERT

I3 6 K JE T AT LA Y FENCAGE T T, SGD LA
eIk i BLAF A B R % PSR s RMSprop £E 1125
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