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i E ARAEMBETAIALAES T CRMFE SRR, LA B AFE N E R 55, AR B TIRIE) 6 4215 8, — s
WA HERYABREFERNAABFERRT R T RO, O EREARRFIABERMATNIZEN LT L
BE A EERITRR. M EZEINHNEFEALZ AT E RGBT ETARNNRAX R BAEFT LI LAERTS
EERFHBEFARE, A, BHT—AHCNNE LSTM LAWK E , ZRDENBHFRELTTFOTR T, TAZF L
ARG 2 RIEL, ARAETF M% ConvNeXt-T A A b A B3 B3 R B R D E BB GRS S KF#%»{E%%"%&%’T#’\%/
KREFOFE . FNKTFREARANATORSRGKERRICAL X EZLHSAFFLEALELN, FEhFAFiFRG C
FAR-10,CIFAR-100, Tiny ImageNet # 3E £ St T B 5 R E 5 IR EAMAE 3 AHKELE B PR TAMEAR ConvNeXt-
TEEHREELSMNEZHT 3.18%,2.91%,1.03% ., FRIEH K3 E# ConvNeXt-T M 4 AR%x T 2 ol B A £ A3 F Ao e # 1L o7
WARA T R4 EARI, TR IRE] & e Ay 26 44245 8.,
KR A AEIR IR B 3 R 2 B ConvNeXt-T; $ RO HFA4E; R K42 M2 e M %
hESES TP391

ConvNeXt Feature Extraction Study for Image Data

YANG Pengyue, WANG Feng and WEI Wei

School of Computer &. Information Technology,Shanxi University, Taiyuan 030006, China

Abstract Convolutional neural networks have achieved many results in computer vision tasks, both in target detection and seg-
mentation, which depend on the extracted feature information. Some problems such as ambiguous data and varying object shapes
pose great challenges for feature extraction. The traditional convolutional structure can only learn the contextual information of
the neighboring spatial locations of the feature map and cannot extract the global information, while models such as the self-atten-
tive mechanism,although having a larger perceptual field and establishing global dependencies, are insufficient due to their high
computational complexity and the need for large amounts of data. Therefore, this paper proposes a model combining CNN and
LLSTM, which can better combine the global information of image data while enhancing the local perceptual field. It uses the back-
bone network ConvNeXt-T as the base model to solve the problem of different object shapes by splicing different size convolu-
tional kernels to fuse multi-scale features,and aggregates two-way long and short-term memory networks from both horizontal
and vertical directions. Focus on the interactivity of global and local information. Experiments are conducted on publicly accessible
CIFAR-10,CIFAR-100,and Tiny ImageNet datasets for image classification tasks,and the accuracy of the proposed network im-
proves 3.18%,2. 91% .and 1. 03% in the three datasets respectively, compared to the base model ConvNeXt-T. Experiments
demonstrate that the improved ConvNeXt-T network has substantially improved the number of parameters and accuracy com-
pared with the base model,and can extract more effective feature information.

Keywords Feature extraction,Local receptive field,ConvNeXt-T, Multi-scale features. Bidirectional long and short-term memory
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Fig. 1 Network overall structure diagram
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Table 1 Downsampling methods for different models
ResNet-50 ConvNeXt-T Our ConvNeXt-T
TX7,s=2,64 TXT,s=2,64
4X4,5=4,96
3 X3 Maxpool,s=2 2X2,s=2,64

3.2 LSTM B

1) BILSTM

LSTM 2 B A e K15 B BE 1 i 48 W 4% , Bl 2
IR TT AT i 8 T T4 1 AR AL A I 38 R 2k
AR T RNN IR ), BEARZSHan &l 2 firoR .

A
h,

Ny

\

X

F 2 LSTM H:A45H
Fig. 2 Basic structure of LSTM
B, C RRBITDIRE . Co o b — I 21 ook
he RN i AE S e RN BROBUZ RS B — 1 20 1 i AE
S WEARMT

f.=Sigmoid(W, « [h—1 2, ]+b,) QD)
i, = Sigmoid(W; « [h,—y »x, ]+b) (2)
C =tanh(We » [hy vz, 1Hbe) 3
C/:f/*clfl—’_i/*a/ (4)
o, = Sigmoid(W, * [h,—1 2, ]+b,) (5)
h, =o, * tanh(C,) (6)

H RO FRBETT B A BT EMN IR
B (2 — RO FRREHI] I E B LEH 5 BT T I &
FRR S F sl AR G) K6 G .
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Hi , FCC- ) RFEMTE R WE R4 B+, C 430 E 4
B, D AR BEIRAE R . ATE & LSTM X iy A FRAE 7K F Fil 3
L R AT AR A R B GR 4x R BB RE . AR 45 4 TR A
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_____ S S
5 i AT '
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Fig. 3  Basic structure of LSTM

3.3 New Block
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1x1, 32 <1, 32
1x1, 64 3%3, 64 5%5, 64

JfiConvNeXt
Our ConvNeXt

Kl 4 New Block 4% #4 &l

Fig.4 Diagram of New Block structure

4 ZLRHFERIWIRE

A R EA G H 0 IR S B ROE AR L I BEAT AH B 1
Bl 1T A 3R S 0 U Y AR G U
4.1 SLIGHHE

Tiny ImageNet: B2 A 120000 5KAR 2 KR 19 £ 40 4k
i 200 DX RIS H L, X 225 E WordNet J2 ¥ 45 14 1)
4 BB EAF S ILSVRC 2 H 6 1Y TmageNet!
FEHGARAL B A3 B R AR, A7 3 L (KRR T SR AR 3] 64 X 64
Y 5 o B . il A S O 25 2 4 Tiny ImageNet

(c)ori_image3

FaER

s ‘”’_\,‘. S
S P P

(b)ori_image2

(d)ori_image4

BOHE AR 0 19 [ERIAG ke %) BT A PG AT AL 3T, DR A A TR 1Y) i
ARBANFGNFEE o RCGBIREM., MAXARRE . A
SRR ARME 432

CIFAR-10/100:CIFAR-10 f1 10 1~2% /) 60000 4~ 32X 32
R (0 R ALRL , A28 6000 B R . CIFAR-100 414 100
AL A KA 500 A YNZREHME A 100 AL E R, Bk
Bk 2 iy,

2 AR E LA SIE R

Table 2 Number and category information of different datasets

BoAE % a¥E Y% E BiE% WRE X4
Tiny ImageNet 64X 64 100000 10000 10000 200
CIFARI0O  32X32 50000 - 10000 10
CIFAR100 32X32 50000 - 10000 100

4.2 BIREWALE

X /N T Gl G DR U 3o L T R 5 B e R 3 i
i3 58 L T RLLEA PR AY B0 7 AR 2 T R 22 R 9 (L 2 —
A (R R 2 ) S T 22 45 MR P A R AIE AT B4R S R R A 2
FRRETT . FATIAE T Mixup ¥ PUK R B EAT L tE 4 & 3%
LY AR AT LA A . Hh B E R A LA R
SR JE AL TR BCas ) S AT BENLRAE RS o HM SR X BB E N
0.2, FEYIZRI FATIETIA T HEHLEL BT .50 7o AR B HIL K F- Bl
e AN AL 48 B 45 7 vk X PR BE AT 4R AR S B . O T IR R T B
(Tiny 73 BF M), B 5 44 i1 T ImageNet 3 38 )5 (19 £ 9 &
ZN R

(c)pre_image3  (d)pre_imaged

TR E R

5 Kol i i A

Fig.5 Data enhancement process

4.3 EHEE

Tiny ImageNet: %5 &3 71 5 5% U5 09 fff JH A IR #E (0] 80, &
MIIE B A AT BT O AU AR A ) S8, 58 42 F 1T TR iy
T 2 HRABE, 53 AR T — S8 2 40 (N 2% 3 355 (i B IR I A
HATHEIR AW 5E . 7 Tiny ImageNet F4s4E I, Ky By 1k Bl
MU X S50 i, AT B IR B AR FFRE LA T2 3407, A
LI I IR AR AL, IR R BN AL T, A5 52 56 56 T I U5 AE
48 OpenMMLab #4757, i il Adam LS M 31 LA 4 X 10 ° 1)
2 ) RYNGRBEH 300 4 epoch,

CIFAR10/100: Jy ik W 8¢ i 5 9 ConvNeXt 7 & 14 53 2%
155 i S92 B L FRATT A RGBTSR /N[ 28 i 28 A 1y
ONFERLH OGR4 MIT 3 0l 3D B0 45 B gb 47 73286 . Bl
£ AFE CIFAR-10 il CIFAR-100, SZ36e v & A14d 2 > &y
0.1 B REHLERE T e Y 25 CIFAR ¥ 4 200epoch . 341
SNk 3 .

®3 EREMS RO E

Table 3 Detailed experimental parameter settings

Tiny ImageNet CIFAR-10/100

optimizer AdamW SGD
base learning rate 41078 0.1
weight decay 0.05 0.0001
optimizer momentum B1+B2=0.9,0.999 0.9
batch size 256 128
training epochs 300 200
learning rate schedule cosine decay Step
warmup epochs/step 20 [100,150]
warmup schedule linear None
RandomCrop 224 32
RandomFlip 0.5 0.5
randaugment (9,0.5) None
mixup 0.2 None
random erasing 0.25 None
label smoothing 0.1 None
layer scale 1x10°6 None
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5 XWHERRSM

A 7 3 A R AT AR D 1) S5 8 IR AS SO e R O 12 02 AT AT
B o AT IE 5 Al S 50 A A 6 L I Rl S B UL R
ZUH R AL R I RE D) .
5.1 Xfibseig

9T A SCR Rt T vk BT R T — S A R 45 L il
e R S EE I AR AT O . AR 4 FTLLE T
HEJG Y ConvNeXt AH by F: Al A = 2k A B, 3% 0 M 17 400 5% 4 285
S, BT IRIR A ConvNeXt WA — & (1958 3,

4 ABBTE Tiny ImageNet £ 5 BRI HEREXS 1L
Table 4 Performance comparison of each model on Tiny ImageNet

dataset

GPU RAM for
curacy/ >aram/GFLOPs
Model Accuracy/ %  # Param/GFLOPs batch size 64/GB

ResNet 18 18. 11 11,20 X 105 1.2
(Hassani et al. 2021) : : :
ResNet31 15. 60 21.30% 106 1.4
(Hassani et al. 2021) o : ’
ResNet:50 18,77 25.20X 106 3.3
(Hassani et al. 2021) : o o
ViT-128/4 X 4 26.43 0.53%108 13.8
CCT-128/4 X 4 39.05 0.91% 106 15.8
CvT-128/4 X4 40. 69 1.12X106 15.4
Wavemix-Lite- 5476 6. 90 % 106 9.4
160/13 o ) o
WaveMix-Lite- 51.37 9. 62X 10 23
256/7 o : -7
ResNeXt-50 70.72 24,84 106 -
(AutoMix) : ’
ConvNeXt-T* 70.36 27.97X 105 /4. 46 9.54
Our ConvNeXt-T* 71.39 12.75X10%/2.19 8.46

VR T AR X F Tiny ImageNet A9 #E# R S8 3845,
DU AR ST 224 7188 GFLOPs $effi . iy « 2om A 20 520 1l
B0 Bl T AN % 2278 BB 1R S0P A%

% F CIFAR-10 fl CIFAR-100, )\ 3% 5 B9 %5 3145 S 0] LU
B AR TR ERE R RS T 3. 18%,2.91% . B
B FATHEAT S B 8 HUR R R X B AR 3 M BRAE Y
DL 2] 0 1,25 X 10 ° ANTE W 0. 05 R fb#s kB Ad-
amW FEAT AL 1 S5, BT 42 07 1 0 v i 2R A 45 T S R AR R b
Ak RMEET) .

F* 5 RAHLE CIFARIO 1 CIFAR100 %4 45 I i vEREXS L
Table 5 Performance comparison of various models on CIFAR10

and CIFAR100 datasets

Accuracy/ %

Model # Param. MACs
CIFAR-10  CIFAR-100

ResNet-18 90. 27 66. 46 11. 1810 0. 04107
ResNet-34 90. 51 66.84  21.29x10°% 0,08x107
ResNet56049] 94.63 74. 81 0.85x105 0.13%10°
ResNet110M49] 95.08 76.63 1.73X10% 0.26x 10"
CVT-7/8 89.79 70.11 3.74X10% 0.06x107
ViT-12/16 83. 04 57.97  85.63X10° 0.43x107
ViT-Lite-7/16 78.45 52.87 3.89x10% 0.02x10Y
ViT-Lite-7/8 89.10 67.27 3.74X10% 0.06x107
ConvNeXt-T* 79.26 52.45  27.83X10°0.09X10°
Our ConvNeXt-T* 82.44 55.36  12.65X10° 0.05X10°
Our ConvNeXt-T 92.70 72.76  12.65X10° 0.05X10°

5.2 HEEXIE

AR H T CIFARIO 4R 4 047 1 il 52 56, 1] 7 AF o] 8
SEVE BT 4 45 0 HEAT S0 40 BT o AR BRI S
PEFN M 45 254 1 T AT 1

FE AR B oM [64.128,320,512], LA J 3:3:9:3 4%
—BUE BT X TR R B FEAS B AT T SE S A A, S8
WeE Rk 6 Fral . AT A 1Y ConvNeXt HL A JLfif I F
AT 250, AR Y SR F A AT

BB A ST 0 A e 4 o Bl 35 U5 1Y new block ; 1
BB A BRI E A E VRN LSTM J2 5 B8 C. 88 B IR 0
B k=4,s=4 TR USMECH S 09T KA BB D. st 5
T SRR 2k 5 A new block; B E. F REEARAS, AR 5
) new block fil LSTM 25 F. 2t 48 J5 (9 T RAE I LSTM
JZ ,block ~4%,

F 6 AIRBAELE CIFARIO U 4 b i Bl 5256 X 1
Table 6 Comparison of ablation experiments of different models

on CIFAR10 dataset

Accuracy/ % GFLOPs
Top-1 Top-5 # Params Shape=224
ConvNeXt-T/512 80. 52 98.89  15.31x10° 2.55
A A 80.05 98. 92 11.05% 108 2.01
#A B 79. 23 98. 81 16. 89> 108 2.56
A C 80. 38 98.78  15.33Xx10° 2.71
#A D 81.37 99. 08 11.08x 108 2.17
#AEE 81.23 99.19  12.63Xx10° 2.03
BAF 76. 42 98.54  16.91x10° 2.72
Our ConvNeXt-T 82. 44 99.08 12. 65X 106 2.19

1 : ConvNeXt-T/512 378 1 8 45 1 A 5 R 19 ConvNeXe-T, H g il i %t
H[64,128,320,5127, B FEHUZ T By 1L 380 38 B0 92 50 25 S i

F 6 M EE IR R W X ConvNeXt-T H ifF AT 814~
PeB ey 8 2 3 R E B TR Hob, RS in LSTM
TRET 1A 3 K AT 1 FE A M . B new block, W G
R HABAT AT — A~ #0823 52 THRE B . AR SO Y 1 50 B A
ANER D R HEAT R ORAE LA R RS B R R RS AR
[ /N B AR #E AT 2 REAR B IG 55 . @i LSTM
HEAT 2 JR (5 I R JR) & 32 7 1 A5 L Rl L LK B0 = 1 S 3
L.

TEHEAT 78 1 1998 @b 92 30 05, AT X new block #4T T
BB SE . 3 7 B A B PR S T AR SO R BT R A
HIRIGE Sy . B XS AN R 1 35 T 32 20 B0 AR 1 T 19 4 AR K
INCTXT) A TXT B RL K 3X 3 BRI 1 X3 f1 3 X1
M4 &, AFE BT S5 g 6 s .

# 7  A[A new block i1 7E CIFAR10 fil Tiny ImageNet I f}
Table 7 Experimental results of different new block designs on

CIFAR10 and Tiny ImageNet

CIFARI10-Accuracy/ %  Accuracy/% GFLOPs
. # Params
Top-1 Top-5 Tiny ImageNet Shape=224
Qur 82. 44 99. 08 71.39 12.65X 105  2.19
ConvNeXt : : ' oY :
it A 75. 86 98.23 70. 02 12. 02X 108 1.97
%I B 81.18 99.01 69.16 11. 77X 106 2.19
it C 80.16 98. 86 69. 40 11.69X 106 1.86
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