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Abstract: From 2018 to 2019, 16 sets of Lycium barbarum farmland monitoring systems had been built in Ningxia.
Each system took 10 images every day, and over 30,000 images of the growth of Lycium barbarum trees were taken
in two years. To study the recognition technology of the flowering period and fruit ripening period of Lycium
barbarum based on these images, three methods were used in this paper to judge the developmental stage of Lycium
barbarum. The first one was the field observation method. In this method, two fields where the real-life monitoring
system was installed were selected, and the Lycium barbarum trees in the two fields were manually observed once in
every two days during the growing season. The Lycium barbarum trees selected by manual observation should be
consistent with the ones photographed by the farmland monitoring systems. The second method was expert visual
judgment, in which 5 experienced experts were invited to judge all the images. The judgment standard was as
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follows. If there were 5 features in a certain developmental period in an image, it was considered that this Lycium
barbarum tree had reached the universal period of this developmental period. If 5 out of 10 images on a certain day
reached the universal period of this developmental period, it was considered that the Lycium barbarum population in
the filed had entered this developmental period. Based on the opinions of the experts, the result of the expert visual
judgment was given. The third method is the automatic recognition method. In this method, more than 3000 images
with characteristics of Lycium barbarum flowering and fruit ripening were screened out from all the images.
Removed the images with lens fouling or unsatisfactory field of view, and finally, the number of remaining image
samples was 1210. To avoid the phenomenon of underfitting or overfitting due to too few or too many images of a
certain category involved in training, rotation, cropping and flipping were used for data enhancement. The data
enhanced samples were divided according to the format of the PASCAL VOC2007 data set. Finally, a total of 7260
experimental samples were obtained, including 5808 images in the training set and 1452 images in the test set.
According to the significant image characteristics of Lycium barbarum in the flowering and fruit ripening periods,
the labellmg label tool was used to label all the flowers and fruits in the image samples, marking 12100 ‘flower’
labels and 11602 ‘fruit’ labels. Then, faster region-based convolutional neural network (Faster R-CNN) was utilized
to train and classify the selected images, and to construct the algorithm for identifying the flowering period and fruit
ripening period of Lycium barbarum. In the constructed algorithm, the judgment standard was the same as that in the
second method, and the time series judgment was introduced when judging the different stages of flowering or fruit
ripening. Taking AP and mAP as the evaluation indicators of the automatic recognition model, the results showed
that the mAP value could reach 0.74 on the test set when the important hyperparameters batch size and the number of
iterations in the network structure were set to be 64 and 20000 respectively, which outperforms other
hyperparameters setting. Comparing the results of the three methods, it could be found that the difference between
the automatic recognition results and the field observation records during the same period was 0-12 days. The main
reason for the difference was that the observation objects and standards of the two methods were inconsistent. The
observation object of the automatic recognition method was a two-dimensional image, and it could not be judged
when the feature was occluded. The object of field observation is the Lycium barbarum tree, which is not affected by
occlusion. Besides, the standards of these two methods were different. The standard of the automatic recognition
method was based on the number of feature points observed in the image, while the field observation method was
based on the ratio of the observed feature points to the expected feature points of the Lycium barbarum tree that
could not be obtained in the automatic recognition method. The difference between the two methods could not be
eliminated fundamentally, so it was difficult to optimize the automatic recognition algorithm using the results of the
field observations method. The comparison results also showed that the difference between the automatic recognition
results and the expert visual judgments was within 2-5d. The judgment objects and standards of these two methods
were consistent, so the results were highly comparable. The results of expert visual judgment could be used as the
verification standard to optimize and adjust the automatic recognition method.

Key words: Lycium barbarum; Flowering period recognition; Fruit ripening period recognition; Growth stages
recognition; Faster R-CNN; Automatic image recognition
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Fig. 1 Characteristic labels of ""flower' and "fruit" of Lycium barbarum
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Table 1 Test results of different hyperparameter combinations based on the test set

HAEHRS, ERRED AP({£) AP(HSE) mAP
Combination (batch size, iterations) AP (flower) AP (fruit)
(32,10000) 0.45 0.38 0.42
(32,20000) 0.48 0.32 0.40
(32,30000) 0.51 0.42 0.47
(64,10000) 0.67 0.53 0.60
(64,20000) 0.78 0.69 0.74
(64,30000) 0.76 0.62 0.69

T AP ETIIRHIE, mAP TR

Note: AP is Average Precision, mAP is mean Average Precision.
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Table 2 Comparison of automatic identification results of Lycium barbarum flowering period and fruit ripening period with

field observation results in 2019

Sl S A RE W B (H-ED HH E O CH-HD Az
Site code Variety Growth stage Faster R-CNN(mm-dd) Measured(mm-dd) Difference(d)
Y0200 TAL 15 Ningqi 1# Pl 05-09 05-07 2
P2 06-18 06-11 7
P3 06-08 05-28 11
P4 07-02 06-28 4
P5 09-10 09-07 3
P6 10-22 10-20 2
Y0211 AL 75 Ningqi 7# Pl 04-29 05-01 2
P2 06-12 06-12 0
P3 05-20 06-01 12
P4 06-15 06-22 7
P5 - -
P6

FE: Y0200 HNMACHE SO IS, Y0211 2y f P AU LI 3G . P1y P2y P3. P4 PS5 A1 P6 73 il 4 E AT £ 22K
FOR SR R R AR R R R B -7 FoREA AR B R E W HY. TR,
Note: Y0200 is the code of Yinchuan Lycium barbarum Research Institute Observation Station, Y0211 is the code of Zhongning

Shilabacun Observation Station. P1,P2,P3,P4,P5 and P6 are flowering period on the first fruit bearing shoot, fruit maturity on the first

fruit bearing shoot, flowering period on the summer fruit bearing shoot, fruit maturity on the summer fruit bearing shoot, flowering

period on the autumn fruit bearing shoot, fruit maturity on the autumn fruit bearing shoot, respectively. — means that the corresponding

developmental date has not been obtained.The same as below.
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Table 3 Comparison of automatic identification results of Lycium barbarum flowering period and fruit ripening period with

expert visual judgment results in 2019

kK T dh A K

Site code Variety Growth stage

AR (A=
Faster R-CNN(mm—dd)

LHRHM (H-H) Expert itk

visual(mm—dd) Difference(d)

Y0200 742 15 Ningqi 1# P1
P2
P3
P4
P5
P6
Y0211 T4 75 Ningqi 7# Pl
P2
P3
P4
P5
P6

05-09 05-06 3
06-18 06—-16 2
06—08 06—-04 4
07-02 07-05 3
09-10 09-07 3
10—22 10—20 2
04-29 04-26 3
06—-12 06—-09 3
05-20 05-25 5
06-15 06—-18 3

d  f
¥,
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Fig. 4 Judgment results of flowering characteristics and fruit ripening characteristics
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Note: Red frame is the result of expert visual judgment, green anchor point is the result of automatic judgment.
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