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W E AARARERZFAZMEABERABRIEARSEES 0 HERRIERL G — L ETEHEL Yoo 5 £k,
AP RBHTAF IR T ROZEPIE, LA L AET S A E RN LI, B AW EMBEREETZRK G
ghat, ATRSGEEREZMNBEAG S XA RPINGAE INTERITHF SRR S %, B T DRSTN(Deep Re-
sidual Soft Thresholding Network) M % , 5 % 3t W 45 2 M3t /7 #0387 AR MK A 69 DRSTN M %4, DRSTN M % a9 M 48 #%
T 3/AF @A MA@ H JE de AR K i E e 4 (Gradients-weighted Class Activation Mapping, Grad-CAM) 7 & % W %4
8 4 AE R B AT TALAL AR IE T L R Pt it — FMAL R DR TEAIH MRARN AR LAHLBELA TUAREE
AN LR LB T AR BN DRBMAAE A EX R TR BEBANIREREZRNLIKREN T LB RHEA
WORAR R G AEAE, R AN, EME W% &4 T DRSTN_KS(3 % 3)_RB(2:2:2) M % 42 CIFAR-10 $# £ L) 5 £ 45 &
#8 ¥ SKNet-18,ResNet18 #= ConvNeXt_tiny M % 5 A3 & T 15.5%,8. 8% A= 10. 9% ;3% M %4 LA — T #9320, &£ MNIST
#m Fashion MNIST # 4 % LAt 45k B Beak ey B AR, o £AFHE 5 A1k 5] 99.06% 4= 93.15% .

KEIR B F T HEERNE BT e R F S R S R A £

FESHES TP391

DRSTN : Deep Residual Soft Thresholding Network
CAQO Yan and ZHU Zhenfeng

School of Computer and Artificial Intelligence,Zhengzhou University, Zhengzhou 450001, China

Abstract When using neural network models such as deep residuals to classify images,some important features lost during fea-
ture extraction will affect the classification performance of the model. The black box problem brought about by the “end-to-end”
learning mode of neural network can also limit its application and development in many fields. In addition, neural network models
often require longer training time than traditional methods. In order to improve the classification effect and training efficiency of
the deep residual networks, this paper introduces the model transfer method and soft thresholding method, proposes the deep re-
sidual soft thresholding network(DRSTN ) network.,and fine-tunes the network structure to generate different versions DRSTN
network. The performance of the DRSTN networks benefit from the organic integration of three aspects:1) Visualize the feature
extraction of the network through the gradients-weighted class activation mapping(Grad-CAM) method.and select further opti-
mized ones based on the visualization results. 2) Based on model transfer,researchers do not need to build a model from scratch,
and can directly optimize the existing models,which can save a lot of training time. 3) Soft thresholding.as a nonlinear transfor-
mation layer,is embedded into the deep residual network architecture to eliminate irrelevant features in samples. Experimental re-
sults show that under the same training conditions, the classification accuracy of the DRSTN_KS(3 % 3)_RB(2:2:2) network on
the CIFAR-10 dataset is 15.5% ,8.8% and 10. 9% higher than that of SKNet-18, ResNet18 and ConvNeXt_tiny networks, re-
spectively. The network also has a certain degree of generalization. It can achieve rapid transfer on MNIST and Fashion MNIST
datasets,and the classification accuracy reaches 99.06% and 93.15% respectively.

Keywords Transfer learning, Residual network, Gradient weighted class activation mapping. Soft thresholding method, Image

classification
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A LA RV AT A0 AL L 91 4, SR % 44 3 X (Selective Ker-
nel, SKO ™) 5 BB ik 5% 22 1 4%, 2k B A 35 IO A% $2 & E A iR )
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BT B & B 48 AE ML 85 2 S U £ R b, 2022 4R,
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Fig.1 Diagram of class activation mapping method
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FRf 5 CAM J5 36 AN BE I FH 31 45 R 26 b () — I FR 2
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Table 1

Class activation mapping plots of network models
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VGG-16 ResNet-18
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3.3 DRSTN W4 #ERIEZ I EGII&KIRE

T SE R (B AL T YRR S AR LM AR 4 24 A B ResNet
18 2% w15 3] IR B 5% 22 518 {EL 1L I 2% (Deep Residual Soft
Thresholding Network, DRSTN) (28 — /™ iR A . R J5 2R F AR
TSR AS J7 125 % 12 000 4% A TR0 0 A7 R0 L A5 30 A [ 0 o ) A8 7 &
M, Hr A RS B A RN R R E R e Ry L . B e
TEE— AN REAR A9 ZE R E K Conv_1 BRI A K/ 7 X7
#H] 33,135 DRSTN M 45 i 45 — A WA s SR 5 7258 — AN
A5 {1 B il 30 Jok 0 0 9% v % 2 AR ER 1 LL A A5 LT AR
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Conv_4 Y& M5 2RI % , WIT I Conv_5 1195k 2245
X 1o 28 RE A2 Wi AN R T 28 Conv_5 3 — By BEAY Bk 25 15
Pk #3008 i 7 DRSTN M 45 (4 5 J5 — N it A< . DRSTN &
HAAVR R A 5K a2 2 7R, Horp KS(Kernel Size) 7R 45
B R 5F . RB (Residual Block) 3 7~ #% 22 #& Ht, STRB ( Soft
Thresholding Residual Block) 2 7~ %K [ {H {1k 5% 25 #5 bk
DRSTN [ 25 A58 B [a] JRUAS (19 3 4l 25 44 0 5% 2 fT 91
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Table 2 Detailed structure of different versions of DRSTN network model

ResNet-18 DRSTN_V1 DRSTN_V2 DRSTN_V3 DRSTN_V4 DRSTN_V5
Conv_1 KS 7X7 KS 7X7 KS 3X3 KS 3X3 KS 3X3 KS 3X3
Conv_2 RBX2 STRBX2 STRBX2 STRBX1 STRBX2 STRBX 2
Conv_3 RBX?2 STRBX2 STRBX2 STRBX1 STRBX3 STRBX 2
Conv_4 RBX?2 STRBX2 STRBX2 STRBX1 STRBX5 STRBX 2
Conv_5 RBX2 STRBX2 STRBX2 STRBX1 STRBX2 5

DRSTN & £ #7114 i 38y 58 5 76 5% 22 B e
AR TT 3 0 AN T A R AR B8 25, 455 T 90 2% 42 R
PR AR (¥ BE 7 » DT 42 T+ 77 190 45 455 0 7 fige phe PRI 45 43 2% )
[ fE. DRSTN [ 4% 458 7 B4 1y I 2R i #2 4n 1l 2 O
Horb, K O BUR T 468 BUR B9 80iE , M 42 3 4% (Full Con-
nection, FO) M 4 i # & o404 C, W M H 43 51 g R 1)
TEHCE RN R R 2 MY B AE B e R AL
it H R AR 0 R B4 X L SR 5 285 4 Jm oF- 34 i AL B VR A 3 —
A RIE L ICHE AL B R TR IR A3 R WD R AT 1
PE. T 58 J0 A T )2 4 3% 2 0 2% X i s R AE 1 AT A 3L &
HEAL PR H — A HOE S5 — R SRR 55 R A 1R i 2

CxWxH.H=1
CxWxH.H=1

P B — AR/ R0 B 1 X[ R o0 SRIE K AR
IEE A 5o M3, B8] — N 0 B 1 MIEEE. Rk
AR A — A E 5 B A R AT 3Ok, BE % AR 4 b R
il BCH Y AR Ak, A A5 B R TR AR e L IF RE A ARk A
1= o N7 N T £ o N G 7 N T W R - R g N (R A i 2N
AT D3 A A K /N ok AR BORE A R A . HL DR R 2 L B
A3 ] P R R A L D 52 BT AR 55 T OC Y R AE OB R
3 5 YRR S 06 By RRAE 8 2 OB (E ek i E S o,
5MHTAE 5 A M RRAE QR FFRN AR . i 2 o B fH 1k gk
ZERCH A & DL K BB A B B AR R N T S
DRSTN YIl 45 i 72 .
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Fig. 2 DRSTN training flow chart
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4.1 HEXHIEE
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# 3 HIREIEQE LR

Table 3 Dataset details
" % W I & L
HiEE £p% HREH  HAERST Bk 5 Bk K
MNIST 10 Gray 28X 28 60000 10000
Fashion 10 Gray 2828 60000 10000
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CIFAR-10 10 RGB 32X32 50000 10000
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(2:3:5:2) 4y HXF N (2 3% 2 " ) DRSTN_V3 fil DRSTN_
V4;DRSTN_KS (3 * 3) _RB(2:2:2) % W #9423 2 K
DRSTN_V5,

109
09 1
08 q
071
06 q
051

an

~4— SKNet-18

—m— Original_Resnet18
ConvNeXt_tiny

~= DRSTN

—+#— DRSTN_KS(3*3)
DRSTN_KS(3%3)_RB(1:1:1:1)

—+— DRSTN_KS(3*3)_RB(2:3:5:2)

—— DRSTN_KS(3*3)_RB(2:2:2)

Accuracy

1 11 21 31 41 51 61 71 81 91 101111121 130
Epcoh

Bl 3 CIFAR-10 %l 5 b A% b Sz 5 il £k &

Fig. 3

F 5 2% {E A8 Ak i 4k %0, A b SKNet-18, ResNet-18 Fll
ConvNeXt_tiny W& BI7 , A4 ST 4 1) DRSTN F 51 X 45 45
TUAE AR A B3 ) ok B2 v AR A8 B PR IS 8. R Loss 43k
AHX e B, DRSTN F 51 ) 4% 450 AU (14 451 2% {H Lt SKNet-18,
ResNet-18 1 ConvNeXt_tiny M 4% 45 B #8E /N, i)t ] DRSTN
Z2 5 I 45 4 TR R A B 0 DI 45 /0 T 0 {1 0 S 1 22 ] A 22
P 1M L 7E CIFAR-10 %48 4 138 H SKNet-18, ResNet-18 Fll
ConvNeXt_tiny [ 468 HLAT 56 4 1) 2% ) 03 . ol vl R 28
A b 28 0, 3 ot 2 I R A K SR 4 1R A0 R B SR L O
L 56 il 25 5k 2O 45 i, A4+ SKNet-18, ResNet-18 Al
ConvNeXt_tiny M2 7%1 ,DRSTN Z& 71| % 4% 155 T 37 47 B8 /&5 (1)
Iy FEHERT 2R X U] DRSTN 2 31) (4 4% #5050 7 fi Je [ 1 40 26
AT 55 IF o TOUIN 1) 235 36 R L S 465 SR R A% 3k B B = A R DL .
IR AE 72 Ak iy 28 0 o B R AR b i 2L 38 UE T DRSTN & 41 W 45
PRI EL AT B4 1 A% 4 2K M B . O T RE 5 T O AN M 1A B
DRSTN Z 1] [0 4 455 R (14 P8 8 , AR SCI0 5 T 4% I 46 455 4 75
CIFAR-10 ##i 4 b i feth 40 5 EAf 3, N3k 4 B3,

Comparative experimental plots on CIFAR-10 dataset

F 4 CIFAR-10 3084 10 St vl R

Table 4 Optimal accuracy on CIFAR-10 dataset
HA Best_Acc
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Fig. 4 Classification results on MNIST and Fashion MNIST datasets
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Table 5 Optimal values on MNIST and Fashion-MNIST datasets
Best_train_ Best_val_ Best_train_ Best_val_
loss loss acc acc
MNIST 0.0306 0.0281 0.9903 0.9906
Fashion_ MNIST 0.1553 0.1905 0.9434 0.9315
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