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Fig.d Image acquisition device and acquired maize image
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Mask R—CNN J& 5T Faster R—CNN ZEA5 42t A5 Y H ARAI R 4%, Mask R—CNN &
1t Faster R—-CNN J&4ili EIG/T T mask 507352 ( Mask representation branch ) F1H] RolAlign
AR Rol Pooling 45 ) 52 SRR KR 5 IR KRG R o 55 10 LAY BASKI ( Faster
R-CNN) BEACRR R HEREAT R RE AL, A AL 535, XA R i
FERAKUER . T RAED P AR B R, FREE A A2 A%, i BRAVEY) o Bl
HAB W a FAE RRAEAE DCBAR /N, AR, s, i 55, Hbs ke
IR, XTI RSEA TR A0 E 7 o 7F Faster R—-CNN B Fhfifi H Rol Pooling
XPRAE I FEA T AL 38AE . Rol Pooling 7E ML AL i A& th X ARIE FUSL 1 2 B Ak, FRIEI
TEAR OGS B P IEA R IR Z X FERY, ALY Sl i Ak 5 A RRIE il i 3] 5t R B 25 45
K2, FEEAREOR 22, X UAR) 73 28 BA om0, (HT BRI 43 #52 i AR
Ko HIIZSCR A Mask R-CNN X525t ke (& 2 ).

2 Mask R-CNN #5154y
Fig.2 Mask R-CNN model structure
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Fig.3 Flow chart of detection of maize rolled leaves by Mask R-CNN
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Table 1 Confusion matrix for judging whether the leaf roll detection model is roll or not
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Fig.4 Label rolled leaves with maize plant image
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Table 2 Accuracy comparison of Mask R-CNN rolled leaf detection model under different IOU thresholds
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Fig.5 Maize rolled leaf detection figures
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Table 3 Rolled confidence of different image samples
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1 2 3 4 5 6 7 8 9
a 1 1 1 1 1 1 1 0.99 0.99
b 1 1 1 1 0.99 0.99 0.99 0.99 0.98
c 1 1 1 1 1 1 0.99 0.99 0.99
R4 10U HEA 0.5 BT AR[E EGEFEARRNEE
Table 4 Detection accuracy of different image samples at IOU threshold of 0.5
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Identification of maize drought rolled leaves based on
Mask R—-CNN model

An Jiangyong', Li Wanyi’, Li Maosong'™*
(1. Institute of Agricultural Resources and Regional Planning, Chinese Academy of Agricultural Sciences/Key Laboratory of
Agricultural Remote Sensing, Ministry of Agriculture and Rural Affairs, Beijing 100081, China; 2. Institute of Automation,
Chinese Academy of Sciences, Beijing 100190, China )

Abstract: [ Purpose ] Drought stress seriously affects maize growth and yield level. Rapid and
accurate monitoring maize drought stress and timely formulation disaster prevention and mitigation
measures are of great significance to ensure high and stable maize yield. Detecting the drought—
rolled leaves of maize is an important method to monitor maize drought stress fast and accurately.
[ Method ] In this paper, the digital image of maize under drought stress and suitable water treatment
was obtained by using SLR camera. The rolled leaves of maize were labeled manually with polygonal
frame, and established a rolled leaf object detection dataset. An object detection model Mask R—CNN
was applied to detection maize rolled leaves. [ Result | The rolled leaves detection confidence of the
object detection model was higher than 98%. When 10U threshold was 0.5, the average accuracy of
the model was 74.35%. [ Conclusion ] Object detection model can accurately detect and segment
maize rolled leaves, and has high confidence in rolled detection. The identification of maize drought
stress based on leaf rolled information is fast, timely and accurate. With the development of crop
phenomics, object detection algorithms can be widely used in crop biotic and abiotic stresses as well
as identification and location of regions of interest in phenotypic studies.

Key words: drought; maize plant; rolled leaf; object detection
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