2023 4 5 H R SE KM CH KR FE B May 2023
%40 % % 3 H Journal of Chongqing Normal University (Natural Science) Vol. 40 No. 3

DOI.:10. 11721/cqnuj20230305
e RKZEENVGIA T EFHR DA ME

RS, gBe B AR, F A&
(L FERIIE R TFRHLSfFE R 2. K 4013315 20 H KT RCT AR M 5 TRLORWETE L. FIK 4013315
3. FERTTARHFT A oG . HEIR 4011215 4. PEEC A IR XA AR A B AR L B IR 5 FREERT ST . HLpE 8500325
5. FE R R XCAROME AR AT & B2, EIK R 4025600

FELE NIy ok E LGSR 4 A S MR 5 BN 1 5% B ph 4 P26 A% AL 3 D4R BUH o % B 4R AE 3R A
B EARWE AL R T — M KM E & A (large kernel attention, LKA AL #] 4% 3k 5 ResNet # 2L g & 0y + 3% 4 2 3R 51 W %
# #l VAR(visual attention ResNet) , U S £ A K FEAR L F A p KA RE R WA Z i oy &, [Fx1u
ResNet y £ T W 4. £ £ T # 5| N LKAWH B D H Pk 25 A LM X RA ML VAR FR#FRENE S %
# % (Focal Loss), [4 £Y1) 5 # % # # ResNet18,ResNet34, VGG, GooleNet, VAN £ 47 b, VAR # # 7 45 % # A % %
THsetIHEGHEETLEN LN RIELZER:2 A3HLTE AN VAR A 2 — 8 VAR _small 5 L
ResNet18 # £ F 3 H N5 45 & 4 Hl# SE.CBAM ECA #n SK th W 4 347 4t th . S0 50 45 B B 7 LKA Hl#| & £33 5
7 H E Atk F53) Bkt #y Focal Loss ik VAR bk B3 B0 £ 2 EHHEH A, (4614 LKA JL4# 3 5 ResNet
BABSWM BN LRI W EHEAE VARBETNARRLEEG T XBUEEWFER D AEERD T WESH,
F A R A R

KB L EH LRI VARABEE N EARA TR

B4 %S TP391. 41 kARG A XEHS:1672-6693(2023)03-0129-10

TR AR A7 B A A AW 0 B 2 5 Bl Ty X T I AR Y 52 B R S 22 S i B2 L IR T O
B R IR A A 7 — R B S RN AL SR T A D« il RS L R AN BRI
SR S Y P M L R L SRS FE T R S B B B AR I T AR A S5C T RROR RU RERR S . L. 1R
GEI) - AP I T5 15 AN RE T AL — BN B A SRR A TR . AT B N DR BEEOAR 19 K R SR L AR
ML T5 12 R0 L SRR 28 E A AT BE - I AT A R AR 39 i 2 SR A DR T AR DG 58 B A B 2

FI AR FHALAR AL 10 J7 35 X - e R AT R A B 58 40, HAE © A7 19 SCHR P T 98 1A v o 45 A A D 491
1 Shima 55 A6 A HOXT 38200 €0 98 5 T KNIN B35 %8 - R S8 84T 432 5 Srunitha 55 A ) FAIG I &
2 Gabor 1§ i A 4 AEBAR 3R O S IR I SRR AL SR 5 I SCRp I S L0 26 . I Se BT 1 07 ik 2 s T A%
Gl S LRGSR R BRSO AE R  AL GE L w2 ~J 3k T N T R R AT AL B T+ TR B A &
FRAE » P %07 R A AR AR S 2% ELWT I A8 1k 25 1 n) il . i 5 TR 32 2 = SR AN W e e A IR Ak BRAT: 55 P o
B RSk A AEARO A PR IR B TR 2R PRI AE T A B SR IR R R AE T2 Ak P 5 S R R G AR
A RS AT S5 . Inazami S8 A8 T A4 U AS [6) 28 R0 11 - S i b 320 4 R AE 42 IO 43 25 8 AT B
#E T ResNet50 BERY, R LR 24 2] 1905 100 4 B bR A5 3260 SR T L AF 58 A W 8 00 R 3 R 20 7 L B L1 32
PERE 1 855 - BF I 25 (R AT Tt — 2B 3 i

1240 0 A7 B BRI RT DU B h F b e R SO0 52 2% o ELAE X E I B S AT T4 BT I AN ) 4R 51 W
B A AR VR AL+ DR I A% 450 1) 24 A TR AR M bR o 418 R b SRR R P A T A5 B . AR IR BE 2 I WE 5 b O M)
2R UN I Ry ML RE 98 A AR TR R A8 . BE T BRSO WETE R IR AR B8 VI U VLLER B SE 3 A
J& Y 10 A LR HEAT TG A . ok Kot S AL LR A E A BIE T A Sk ) B AR A 2R SR IR LAY

x  UgFS HHEA:2022-08-25 &[5 B #A:2023-05-06 %) 4% 4 R Bt 8] : 2023-06-16 T10:09
HAMBE :ERHHEFTE RSP FHARDIGE AT H (No. KJZD-K201900505) 5 T P& T 5 4 1 57 BF 58 # 14 (No. CXQT20015) ; i PR Iili 7 K
2EF ST A B B7 5 H (No. YKC22016)
E—EE B X BB 10 IR 2 2 E-mail : 1914900130 @ qq. com; BASVEH : G 446, B, #4% . i+, E-mail : zsh_cqu@126. com
) £& H AR b 3k - https://kns. enki. net/kems2/detail/50. 1165. N, 20230615. 1058. 002. html



130 FRMEAFZRCELRA %K)  https://cqnuj. cqnu. edu. cn % 40 %

S8 0 5 SR 8 2 VAP T U5 5 00 H 5 b 0 9 3550 0 24 SR BRI 0 0 1 S 3 T
W4, R B AKAE T ) (large kernel attention, LKA HL |6 Yok 8t 45 BX -+ 5643 35 7 18 FRAS A 19
[RGB » M B S B B (Focal Loss) . M e ph b 98 P R A A5 5P 0 0 43 36 B A 3 1800 480 50DHG i
{66 12 A B J1 55 9

1 SLEHEATLETE

L1 HIE&ERE

A5 B RS 4R ok B DR BT AR IR 55 T RO AR DR T BE L IX 3 AR T R A R DR T AR AR e
J R Y R AR R A 5 e 0 R EHR B AR B 3 A R 10 A R IERN S L 202 RIS (R D, 13
PG AE AR (R U 208 - PR - b2 20~35 em (R 1 88, SR )5 K 1 48 B SR I 11 1 30 7 BF 3 1% ok
40 cm ZE AT AL EATAA B . BEUE ERAEA IR R AR 3 648 X2 736, AR B AEAC TN AT 1 IR

x1 ITEBEGHFIHES

Tab.1 The data set of soil soil image samples
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Fig. 1 The partial soil image samples
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Fig. 2 The pretreatment process of soil image sample Fig.3 Residual block
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Fig. 4 The decomposition process of large convolution kernel
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Fig.5 The process of LKA Fig. 6 One stage in VAR
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Fig.7 The flow of soil species classification
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Tab.4 The accuracy of different attention models

FEL T M 5 T B T MK 5 T B 2 T W3R T B
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Fig. 8 The thermal activation diagram of different attention models
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Soil Species Classification Network Incorporating Large Kernel Attention
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Abstract; [Purposes |Because there are complex textures and no structural characteristic in soil image, it is difficult to extract key
features from a soil image with traditional convolutional neural network. A new classification network named visual attention ResNet
(VAR), which combined ResNet with large kernel attention (LKA) module, is proposed to solve the low generalization ability that
is caused by imbalance datasets and hardly classified samples and it involves VAR_tiny, VAR_small and VAR_base. [ Methods]To
construct VAR network for soil classification, the LKA is embedded into ResNet as a part of the backbone and the residual modules
is partially removed from ResNet, and an improved focal loss function (Focal Loss) is introduced to VAR. [Results 1) Compared
with the traditional models ResNet18, ResNet34, VGG, GooleNet, VAN, etc. , VAR model has a higher identification accuracy for
images data set of purple soil species under specific model parameters. 2) VAR_small, one of the three VAR models with different
sizes, was compared with ResNetl8 networks embedded with traditional attention mechanisms such as SE, CBAM, ECA and SK.
The experimental results showed that LKA mechanism was better in soil recognition. 3) The improved Focal Loss enables VAR to
pay more attention to soil image samples that are difficult to classify. [ Conclusions]The soil species identification network VAR,
which integrates the LKA module and ResNet, enhances the ability of the network to extract the key structural features from soil
images, makes it identify soil species more effectively. And it also reduces the network parameters.

Keywords: soil species classification; VAR; large kernel attention;focal loss function
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