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Image recognition of lettuce fresh weight through group
estimation
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(1. College of Water Resources and Civil Engineering, China Agricultural University, Beijing 100083, China;
2. Institute of Environment and Sustainable Development in Agriculture, Chinese Academy of Agriculture Sciences, Beijing

100081, China)

Abstract The lettuce fresh weight estimation through group images was researched to increase the
accuracy of online feedback of lettuce information in optimal control of greenhouse climate. Based on the
group and single lettuce images, the decrease of over error was investigated through cancellation of
positive and negative errors based on group estimation. The influence of occlusion on estimation accuracy
was quantified. The improvement of estimation accuracy was realized by introducing a novel loss function
with the method of deep learning. The results showed that: 1) Compared with the estimation results of
lettuce images in single plant images without occlusion, the determination coefficient (R*) of lettuce fresh

weight estimation based on group estimation cropping decreased 0.010 8, the normalized root mean
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squared error (NRMSE) increased 2.69%, and the mean absolute percentage error (MAPE) decreased

2.36%. Although the estimation was slightly lower, the occlusion of the lettuce group can be close to real

production. 2)Although there were occlusion issues in group estimation that led to incomplete cropping, the

MAPE in group estimation with the cancellation of positive and negative errors was still 3. 49% lower than that

in single—lettuce estimation. Therefore, group estimation was a better way of providing feedback on lettuce

yield. 3)Based on a more optimized MAPE, mean squared percentage error(MSPE) of the loss function can

be further decreased to 8. 46% which satisfied the requirements on the estimation accuracy of a “soft sensor”.

Considering the reality of greenhouse lettuce production, group estimation is a better way to provide online

feedback on lettuce yield to the optimal control of the greenhouse climate. Through optimization methods

such as deep learning, the estimation error of lettuce yield can be decreased to within 10%.

Keywords group estimation; lettuce fresh weight; image recognition; deep learning
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Fig. 1 Field picture of greenhouse lettuce production

(a) FEMACRAE
(a) Group sampling

(b) TABRRAE
(b) Single sampling

B2 BEREMAKRRE
Fig. 2 Group sampling and single sampling
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Note: R” is determination coefficient; NRMSE is normalized root mean squared error; MAPEL is mean percentage absolute error of board

group estimation; MAPEZ2 is mean percentage absolute error of single plant estimation. The same below.
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Table 2 Comparison of group estimation results from different models

M:i}iiire R? NRMSE/ % MAPE1/% FE Mt /s Time Gli? Q:;
CNN_Zhang 0.977 9 9. 30 8.34 2 009 3970
ResNet18 0.982 6 8. 26 9.30 8102 8 684
CNN_284 0.980 6 8.70 8.90 4890 6 792
MobileNetV3Small 0.973 0 10. 26 12.83 5494 5510
EfficientNetV2Small 0.977 9 9.26 8.14 19 600 23 548
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Fig. 9 Single and group estimation results with the loss function of MSPE
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