RO 22 2R (L)
Journal of Jilin University(Engineering and Technology Edition)
ISSN 1671-5497,CN 22-1341/T

(F MR RFLAR(THRR)) MEERIRI

RH : TP R 225 S5 ) 55 PR Tl IR e 22 P 45

(= MR, £, FEKHT, B, AR

DOl: 10.13229/j.cnki.jdxbgxb20210027

WA A 2021-01-13

Mg E R HE:  2021-05-17

51 = MR, E00, FEAH, EFE, K. BRI A5 S PO R 2

4. TSR (T 24AR). https://doi.org/10.13229/j.cnki.jdxbgxb20210027

@n(rr@;»e«]

www.cnki.net

PISEE R TEHEM TAERAR T, Rtk NS B EL SR ER . HECEfa. B0 E i S0
B, SHERBARCLHE, s FATE. Ema s TR OR . HEROE fade 5t e fe i 0
TSl CRUAEM L IR HERE RaE, TR E AR B BT . B e R R
FRAES 45 W DU S O e (0 BRI S AR BV S 1 o S P e R 0 48 11 R R ik A 2 2B
MR FLZG) A T EE ) A RE: AR AR B BRI BHEMEREEE, 7649
BT T SO R, AAETE S AR AN AT g B A AT s Rt 4 228 B B A A 1 5 DR T
MR E AR R, EFE NS —VEIE S 07 9 87 AT BE VR E TR AL ot B AR SR
DR E R 2% R i, SRR — AR AT, ARESOESGEH « 1EE . HUARRAIE AR N2,
AL BT R R AT > B B L

HARFRIN: 400 RIgmiEE S (R EEARIIT OefiO) BFREHARARZY, £ (FE
FARIAT (MEIO) HARERE & LA S 40T T A — B 45 i, DL RS s A O 20, 78 BRI
AR JT T RS SO A e R HERCE R . B e R B o E AT (2RO ) 2 5 H
R B A SRV A R 4 S T AR (ISSN 2096-4188, CN 11-6037/2), it LSS 2y HAFII i W0 28 hix L 0 28
RSN IE AR -



2021-05-17 14:17:17
https://kns.cnki.net/kems/detail/22.1341.t.20210517.0939.004.html

b BSR4 M) S IRE IR IR ZE M 4%

*@I\ /_-]:12’ E:—V'ﬁ 1’37 [%:7:](/% 1,2, Ié]$l’27 E]E 1.2

(1. FERIER KENAEENWSEM T, KF 130033;2. KEREBEZILCHEHEARGRAH, KF
130033; 3. HEFRZEE R, L5 100049;)

W OE: AR EMSSANIAZAG, AR — i BZ SR T R R . TR SRR L,
Z4E R 54— Batch Normalization 1 ReLU i3, 3@ id /b o 26 Il ZRid 2 ) 155 WA 17 HERS, 35 T RS I 25
. 7EH M CIFAR10/100 B 28R BE BT 7 0 Heseie i, DLZJER IR A 110 N 4S CIFARLO
IrREERFEN 5.29%, CIFAR100 73 B E R FE N 24.80%, ML (1) 110 JZ IR BERR 22 M 45 73 R EE R Z 53 700 5.75%H1 26.02%:

FEVIGRFERS J7 1, 120710 X WIHE Y 133.47s, S Y AL 22 W 25 1 35 J) JIFEIN Ty 208.26s, #2711 35.91%; 4KV
I 28 S5 WY P ARUE 20 2k B O Bt AR BT T N RS, B R i S PR A

KA. EMGAE; EGIRG; BGEad; BRMENS; REREMLS
hESES: TPIS3 XHEkFRER: A

DOI: 10.13229/j.cnki.jdxbgxb20210027

Simplified residual structure and fast deep residual networks
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Abstract: Training time of deep ResNets is painfully slow. To address this problem, this paper proposes a novel residual structure.
Compared with the typical residual structure, the structure only contains a Batch Normalization and ReLU, which reduces training
time and improves the training speed by reducing the amount of calculation in the network training process. The comparative
experiments are carried out on the CIFAR10/100 image classification database. The classification error rate of 110 layers networks
constructed by this method on CIFAR10 and CIFAR100 is 5.29% and 24.80%, respectively. The classification error rate of 110-

ResNet is 5.75% and 26.02%, respectively. Training the network takes 133.47 (this method) and 208.26 (ResNet) seconds per epoch,
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increased by 35.91%. The results show that the network structure greatly improves the training speed while ensuring the classification

performance, and has better practical value.

Key words: image process; image recognition; image classification; convolutional neural networks; deep residual networks
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Fig. 1 Basic and bottleneck residual structure
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Fig. 3 Two kinds of simplified residual structure
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Table 1 Comparison of classification error rate and training

time per epoch of three residual structures
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