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Fig.1 Four forms of soybean leaves
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Fig.2 Technical flow chart

PEHBUER SR IX 1) 43
OpenCV S HCR/RA R AR, HTEH
B BTHENLIGE B, AT T R S A G A B
HEHE L B RNRT  PHIA SCFH OpenCV
TR AL G XS R T 4L SR U B, X R AR
U R SLME UG, AT IR BE A AL B L K e S g Ak
B, FHUAEBREUG MRS o SR 5 AT (a3, 15
2t (=02 D 153 VAR E 1o ol B JESE E QTN S 2NV
VSO . ARG/ NI DU TE 1 4 AN T8S 343 ROI Jg&
PLHRX S, FBR AR T SO R B, 15
gt (#03),
222 IR

FFHEE TR 9 43 /K 08 43 B33 2 X0 K i 4
PEATHREL, JEFARIC A 53 KA S E S  RTEL G 5y
KU 53 BB R B BLml b, RIS 5 A8 B iff o B2 Ab B

221

(A8 BB e/ NIME DU ILTE

(EIEHIE

K3 RIS S G e

Fig.3 Leafimage extraction process

o023 w35 e 21 [



HRIEL
DOI: 10.13998/j.cnki.issn1002-1248.21-0188

4 PR TS AN 57 DX

BRI  t EOGHR IX I R S R
BT, BB B — R R A K B (78 1% 5 10
MR L, IR A s O DX AT AR e Ll e, R
(EAR B9 DCBORT AR i i, AR 2SR s b iy
THE LB R R AR RISy, T8 i i o 2
AbBR A RS A S D, B E RGO SR X,
I XF 28 RIS AN 5 X BRI AT Fnic, IR 7E s
LT HEARRBIERK, BERCRTS, KR
P BT TS T A S A, Rk AR R ERR I T Y
AR B AR ORI, H L 2200 1 4% Hi
SRR S DX R — A B A, DA TR B 4 7K 0 B
B RS RIARIC, RSB B R B A2 A 3
NSRRI R, IR R E M R = Z i rh g T
LR R R, At R R R
fai o DTl G R A 8 73 KU 3 B B0 o PRI B BE (LR
LA T = A2 B AR (L 4)

(a)5r FIhF ) SERER it Fr )R = E T e
/4 PR

Fig.4 Image segmentation

5, R OpenCV X4 # b 1 K 5 R B 4tk
AT BRI, R4S 1) A %8 R il 2 A TR BR 3 Ty, AR
P Ak bRt e e BN G i b, R, e, Bef
AR AR, i DU RS 200 14 R (E, BGULETFK
JE RN A AT B T R SRR A A b b 1 R A B
Yol , BHTRIEIIY, 5 —8h 224x224 K/MEE
MBS, B AR AR EA S i UG S AR B 2 2] A 7
W2k, i HOR SZ UG i S B R, 42 e 2k
HER R Az fhfe

B cossgsssgom

2.3 FFERESIRA!

AR Densenet #2558 B AT R &Ml B TR 2
RIS IS TE AU, DenseNet [ 48458 80 () i a5 2 #E
PRUE R 2% T 2 5 2 2 8] fe R B B A R BE T,
EHR P R R, R4 B — 20T DL B
A5 % o ) A B AN B T R B B A B, DT A 2R
BORE RIS, IR RIZR 4, sk, wiRh
TIRUEREARATH I 26 2= Z MY B R A5 B, A5 AT )2 ik
FTHAMER, —Z00% AR A T A )= 005
WE s fro, IS AT REMGHRAE BEAT A EOM A, AN i
FIE/ARSE, BT DR, AR . AR
ERRZE IR

Kl 5 DenseNet M8 5FE (L1 1% 214

Fig.5 DenseNet network feature transfer connection diagram
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Fig.6 DenseNet network model parameter diagram

==X

Dense Block 2

=N

Dense Block 1

-
©
2
<3
[
=
o
3

WioN yieg
|aod xep

=
o
3
@A
(=13
Q
E1
-
fu
<
i}
3

Prediction

==\

Dense Block 4

LR\

Dense Block 3

“Oval”

@
a
5
=
=2
o
]
3

=
&
>
2
=
£
-
@
=
o
%

=
By
S
g
S
3
-
o
<
1]

Kl 7 DenseNet W £85I 25 4] 4]

Fig.7 DenseNet network model structure diagram

2023 EE B EF2HA



92

HRIEX
DOIL: 10.13998/.cnki.issn1002-1248.21-0188

A AR B bR R, AR IR A A 2
ez

%I DenseNet % 4% H Momentum 11 £t b8 £t i 17 31l
%k, Momentum Pt At pR BUZ KA V) B2 1 F B 5 Bl hg
Z I REE G EHR R A, 24 Momentum 3 &5 K
W, HEEA R AR RE R AR, SR T R
JRES M A A A A4 R M, Momentum B & &
BEATERE SRR B, AT AL EIR R PR 2 2] S K
KITHESSHL, BREERERTS AN, MniBH 1R & # .

— M, M MNETETHAUER, RAMT A,
w=w-axdw, 5| A Momentum J5, KA T AL,

v = muxXv—axdw

w=w+v
Hdr o F1IRMR 0, a H2E2TR, mu B ERN—
AR R, ARSCRER 0.9,

242 THABRiE

FEXTR M R RSB 28], A SOt G S
Bl 7~ J7 ik h i Je i G SCHpm 0L (SVM) - FlRE
BLARAR (RF) X KRG R IEASFAT N, XAERE
> vk i 28 8 Y AlexNet B 2% F1 H | BN AT 0
ResNet 250K G e S #ATIR 5] 5 It AR
J7 15 R BIAER 3 5 78 SCR FH Y DenseNet W26 i7£47 %)
560 TR 5y N W RN SO R(G R S = B (172§ AN

1
0= ﬁzﬁlpi

Hrr, 2 p, o8 1 FORER N BUSITEAS RN,
LR 0, M FrmilCEeE iy £
2.4.3 A[FEFEPNERNS LS

SVM 5 RF fE WL ge bl S Bk, 2 A
PR AL BB AR XS Ry AT RAAE SR I, T LAAS SC 4
WK &t i BUR TS RHE , SO Rt R AIE 2
14 FRFAEAE ) SVM 5 RF M A, HZ5 R %W SVM
5 RF %R G Fr T2 0 PR A A8 T A SCfdi T
DenseNet 2%,

M J5 A SC LRI AlexNet 4% 1 ResNet 2% Xt 22
Ik G AL R0 43 G i R G e TN LR AR g 45 TR
MM A, HAE LI AlexNet 4% Fl1 ResNet

2023 EE 3 EFE 2 H

P 286 X6 R R I TR A A PR M AR SR AT T A SCfef
f%] DenseNet M 2% .
Hodr | A SCfd Y DenseNet %45 IR 45 S 4n
F 1R, £ 1EREY, MKLE 4 MO ERG M
MBS b, SFE TR RO 0.94, 185602 I I 45 g
T 2 SR K
1 AEIRGARIAR AR IR

Table 1 Recognition accuracy of different soybean leaf shapes
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Recognition and Classification of Deep Learning in Soybean Leaf
Image Data Management

LU Lina?, YU Xiao'*
(1. Business School, Shandong University of Technology, Zibo 255000;

2. School of Computer Science and Technology, Shandong University of Technology, Zibo 255049)

Abstract: [Purpose/Significance] We used to process soybean leaf data by looking at them and process data manually, but this method is
very inefficient. In order to improve the classification accuracy and efficiency of soybean leaf images, further for storage and manage-
ment of these images, we used the deep learning technique to make an in-depth study of text data and image data of soybean leaves for
the image recognition and classification. The application of deep learning in agricultural data management mainly focuses on the image
recognition and classification of plants and plant phenotypes in large-scale data, detection and classification of agricultural diseases and
pests, detection and classification of crops and weeds, and prediction of crop yield. Through case analysis, our sample data demonstrated
the application process of deep learning technology. [Method/Process] This paper systematically described the whole process of classifi-
cation and recognition of agricultural data by using the deep learning technique. Through recognition and disease monitoring of plant
leaves, the leaf morphology of soybean plants in the soybean experimental field of Heilongjiang Academy of Agricultural Sciences was
taken as an example. We analyzed the image features of soybean leaf morphology, and carried out the classification and recognition re-
search of soybean leaf morphology based on deep learning. Deep learning techniques have replaced shallow classifiers that use manual
feature training and can identify soybean leaves with a high degree of accuracy as long as sufficient data are available for training. We
adopted DenseNet model, which is suitable for common network model. The advantages of this model are that it has the best perfor-
mance and the least storage requirements. First, we selected support vector machine (SVM) and random forest (RF) in traditional ma-
chine learning methods to identify soybean leaf morphology. Second, AlexNet and ResNet were selected to identify soybean leaf mor-
phology. Finally, the recognition accuracy of different methods were compared with the DenseNet network adopted in this paper. [Re-
sults/Conclusions] Through the training of DenseNet model, the recognition accuracy of 94% was achieved, which successfully solved
the problems of long time, low efficiency and low recognition accuracy of traditional methods in processing image classification of soy-
bean leaves, and could meet the actual needs of agricultural image data classification. Future research efforts will strive to collect a wide
range of large and diverse data sets to facilitate soybean leaf recognition, and focus on developing reliable background removal tech-
niques and incorporating other forms of data to improve the accuracy and reliability of soybean leaf recognition systems.

Keywords: deep learning; agricultural science data; data classification; image recognition
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