202041 A Z?ﬂ[im‘ *jﬂﬁ%iﬂi 51 % 1L

doi:10.6041/j. issn. 1000-1298.2020. 01. 021

ETREFINAKEERPAN FRFEERQN G IE

EhAE BAE KR MEE #xE R

(1A AR R 2B S E B2 BE, 1IN 5106425 2. AR ARl R4 7 TR “EBE, |7 M 510642)

WE: BT RWAEDM AR P T — R TR0 R G 7 S ek I i o fEXF R G 8 ot i ik 4T
FRIE Sy T JE , R FH U B 2% 2 B , R A Mask R — CNN A5 A X6 [ 22 B 4% Sk SR 4R (W ik B AR A7 43 30, DL R BT s
IE,JE R VGGI6 BERISEAT R 40 25 0 1 5Bl 2 315 Sk R AR K B KT nt v R, 6F Kk | G 54T AN LA,
ST K T BG4 BT 55 I 2R 48 RN A | 3 5 0 25 0 2 A TR 0 0 46 S8, IR R AR AR 9 2 X 2R 1)l 2R Mask
R — CNN #85  I| ZiJ5 A B AE UG 4 b X 35 St P i K B st i fn 2 nt B o 50 S Al e R B0 ik 8 1
0. 847 F1 0. 788, i i TN 25 0 o ML L 0 W0 0 S 4, R 95 4 3% 2 2 9 7 I 25 VGG16 T I 2 i 485 700 A 0l 3K
£ RWET RN 89.42% o b W R AFE B B 1 F A28 A IS B R AR AE A 4 BB R AR, 4 M e TR ALY
ANRZAL o AR SCEIEKL I —E 100 AR K W EHR V- 2178 E 29 0.8 s, HLX & 249 5 F R0 6l 40 8 5L 4r
R R I 5, T SR Al B B Ak A 7 A A PR e 2R A OO TR A R SR

KEW: REmtf; S5, WEE; aEmLg; 55

hE4KE TP39I. 4 X EkARIREG: A X EHS: 1000-1298(2020)01-0195-08

Leaf Deficiency Symptoms Detection Method of Soybean
Based on Deep Learning
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(1. College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510642, China
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Abstract: In order to detect plant leaf element deficiency, a visual detection method of soybean leaf
element deficiency based on neural network was proposed. After analyzing the characteristics of soybean
deficient leaves, deep learning technology was used. The Mask R — CNN model was used to segment the
leaf images collected by a fixed camera, and the VGG16 model was adopted to classify the deficient
leaves. Firstly, after collecting hydroponic soybean images, the outline of soybean leaves was marked
manually in the images, establishing training set and test set of segmentation task. Through pre-training,
the initial parameters of the Mask R — CNN model were determined, and then using lower learning rate to
train the model. For segmentation task on single leal images and on multiple leaves on a complex
background in the test set, the Matthews correlation coefficient (MCC) of the final trained model reached
0. 847 and 0. 788 respectively. The training set and test set of the soybean leaf image classification task
were established by segmenting the leaves through the trained Mask R — CNN network and manually
marking them. The initial parameters of the VGG16 model were determined through pre-training, and
then the whole connection layers of the VGG16 model were replaced before training to adapt to the leaf
classification task. The classification accuracy of the final trained model on the test set was 89.42% .
When analyzing the result, the leaves with obvious deficiency features were classified into two types of
nitrogen deficiency and four types of phosphorus deficiency to discuss the inadequacy of the method. The
average running time of the algorithm to detect a picture of 1 million pixels was 0. 8 s. The algorithm had
a good detection result on the classification of soybean leaf deficiency under complex background, which
can provide technical support for the estimation of plant deficiency in agricultural automation production.
Key words: soybean leaf; element deficiency; deep learning; nerual network; transfer learning
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Segmented soybean leaf images
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