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Abstract: [Objective] Aiming at the problem of high temperature stress encountered in the growth of tomato
at seedling stage in actual production scenarios, a method for detecting high temperature stress of tomato at
seedling stage based on thermal infrared and RGB images was proposed. [Method] Firstly, the tomato canopy
temperature parameters were obtained by inversion through the thermal infrared image of tomato plant at
seedling stage, and the canopy temperature characteristic indicators were extracted by the partial least squares
(PLS) model. Then, a Mask-RCNN model using three different backbone feature extraction networks was
established, and the RGB images of tomato seedlings were input into the Mask-RCNN model by means of
transfer learning for instance segmentation of high temperature stress symptoms. The characteristic indicators of

tomato stress symptoms at seedling stage were obtained. Finally, the extracted temperature and stress symptom
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characteristic indicators were used to construct a hierarchical data set and fed into the high temperature stress

classification model to obtain the high temperature stress level. [Result] The cumulative contribution rate of

the canopy temperature characteristic indicators extracted based on the PLS model reached 95.45%. The high

temperature stress symptom segmentation network based on ResNet101+Mask-RCNN had the highest

segmentation accuracy for mild and severe stress of tomato at seedling stage, with mean average precision

(mAP) of 77.3% and 73.8% respectively. Among the four high temperature stress grading models constructed

based on temperature and stress symptom characteristic indicators, the back propagation neural network (BPNN)

showed the best high temperature stress grading performance with the grading accuracy rate of 95.6%.

[ Conclusion] The proposed method in this study achieves better detection performance for high temperature

stress of tomato at seedling stage, and provides a technical support for early detection and rapid automatic

warning of high temperature stress of tomato at seedling stage.
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Table 1 Variation table of thermal infrared temperature parameters of tomato seedling canopy C
I 2 BRI BN RN 2 S35 Tt BE A 22
Experiment Maximum Minimum Maximum Average Temperature standard
time temperature temperature temperature difference temperature deviation

D1 12:00 30.3 21.7 8.6 24.6230 1.5155

D1 16:00 31.6 21.7 9.9 25.1910 1.8274

D2 12:00 324 229 9.5 25.1721 1.3691

D2 16:00 31.2 22.7 8.5 25.9238 1.4817

D3 12:00 31.1 23.1 8.0 26.8236 1.7791

D3 16:00 32.0 23.1 8.9 27.3416 1.7418

D4 12:00 31.8 243 7.5 27.0165 1.3433

D4 16:00 329 24.1 8.8 27.5235 1.5168

D5 12:00 33.1 24.6 8.5 29.0355 1.7989

D5 16:00 342 252 9.0 30.0699 1.8027

D6 12:00 335 24.8 8.7 29.7350 1.7264

D6 16:00 344 252 9.2 30.1302 1.8432

1) D1~D6% %) & = % 1~6 X
1) D1-D6 indicate day 1-6, respectively
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Fig. 4 RGB images of tomato seedling leaves with different symptoms of high temperature stress
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Table3 Correlation coefficient and principal component
contribution rate of temperature characteristic

indicators
FHIESR bR FRRE R 5T/ %
Characteristic Correlation Principal component
indicator coefficient  contribution rate
B KAA(T) 0.1451 3.24
Maximum
B /ME(T2) —0.0385 0.07
Minimum
SEHIE(T5) —0.1328 0.23
Average
FRUEZE(T,) —0.0437 0.01
Standard deviation
FEARHEAL B (Ts) —0.1466 4.17
Canonical normalized
HTG B 18 (T) —0.1657 6.44
Canonical replacement
5 2 HU(TY) 0.2749 34.37
Coefficient of variation
o SIRZE(Ts) 0.1563 2.28
Crown temperature
difference
15 B (To) 0.2134 16.62
Information entropy
20-23 CIREEHIH(T,) — —0.1360 0.25
Temperature frequency
23~26 CHENRT,) 02041 9.76
Temperature frequency
2629 CREEHI%(T,) 00826 0.03
Temperature frequency
29~32 “CR AR (T13) 0.2279 21.85
Temperature frequency
3235 CRBENE(T,) 01491 0.68

Temperature frequency
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Fig.7 Prediction results of different stresses on three different backbone feature extraction networks
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Table 4 Segmentation accuracy of Mask-RCNN model of three different backbone feature extraction networks when IoU=0.5

E TR IUA 2% ISR 22 EHER% B
Backbone feature extraction network Image stress level Precision Recall Fu% mAP/%
ResNet50 i Mild 90.4 50.5 64.8 75.7
HJ Severe 83.2 459 59.2 71.6
ResNet101 HEE Mild 91.3 52.4 66.6 77.3
HJ Severe 85.7 472 60.9 73.8
MobileNet HEE Mild 86.0 46.8 60.6 69.9
¥ Severe 80.5 434 56.4 66.5
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Fig.8 Change curve of loss function value of Mask-
RCNN+ResNet101 model
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Green squares represent correctly classified samples, where the numbers are the number of samples and the proportion of the total sample; Red squares
represent misclassified samples; The numbers in the light gray squares represent the true positive rate (green) and false negative rate (red) for each row and
column of the test set sample; The numbers in the dark gray squares represent the overall accuracy (green) and overall error (red) of the test set samples
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Fig. 9 Confusion matrices of classification results of test sets of four different models
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Table S Classification accuracy of high temperature stress of tomato at seedling stage with different classification network model

R 5] HERI /% HHER/% AT Y%
Fi/% MCC/%
Model category Accuracy Precision Recall
Fh2R DL 90.6 92.7 89.9 91.3 81.0
Naive Bayesian (NB)
SCREFEAL 93.3 96.8 91.0 93.8 86.8
Support vector machine (SVM)
k—fe 4R 91.7 92.7 91.8 92.2 833
k-nearest neighbor (kNN)
BPHIZE N 4% 95.6 96.9 94.9 95.9 91.1
BP neural network (BPNN)

T SVM, NB Al KNN 2 [, 1K AT g2 By
ANTR] ) 7 SR AS Y SREF G K e A 2 ) B AN [ 3 A
o Z56 B4 1 FALL AR LR AE 78 5 Fl RGB

R IEREIR 73 FIFE AR, 4 P 1 7 G AE R R 1 IL 2
T 90% LA L, i W32 B PR AR A4 o AT fl i 55 20 ]
A BRI
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