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Evaluation of drought status of potato leaves
based on hyperspectral imaging
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Abstract: To evaluate the drought status of potato leaves accurately and quickly, a hyperspectral imaging
method was employed to assess the drought status of potato leaves. In 2022, the original Qingshu No. 9 seed was
used as the test material. Three types of drought status were obtained using hyperspectral imaging. A total of 420
spectral reflectance measurements from various samples were extracted and the influence of four spectral data pre-
processing methods on modeling was discussed. A classification model for the drought status of potato leaves was con-
structed using the random forest cross-validation recursive feature elimination algorithm ( RF-RFECV) and the
feature wavelength selection method of competitive adaptive reweighted sampling (CARS) methods combined with ex-
tremely randomized trees (EXT). The results showed that the three drought status classification models constructed in
this study had accuracy higher than 85% in the test set, among which the SNV-RF-RFECV-EXT model performed
the best with a prediction accuracy of 92.14% in the test set. To visually assess the drought status of potato leaves, the
SNV-RF-RFECV-EXT model was applied to depict the degree of drought. Different colors were used to represent va-

rying levels of drought, offering a novel approach for distinguishing the drought conditions of potato leaves.
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process of CARS algorithm
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Note: On the horizontal axis, 0 represents no drought stress, 1 represents moderate drought stress, 2 represents severe drought stress.
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Fig.6  Confusion matrix diagram of three models on the classification results

(a) J& 1+ F Wi 4b 2 No drought stress

(b) £+ F i 18 Moderate drought stress
T« 25 T R 2 A0 L X2 A S v A A R 2 Ry X 7 4 T AR A

E e
L 23

(c) & %+ 5L # 3 Severe drought stress

Note: The left images in each figure are the original blades, and the right images are their corresponding visualization results.
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Fig.7 Visual results of single pixel classification of each drought treatment
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Table 3 Proportion of output drought types after input of

different drought treatments into the model

Bl NG = | R H T 52259 Droughttype of model output

Drought type JETEEE T RNE T RNE
of model input No drought ~ Moderate drought Severe drought
Sl
AT 63.42+11.5a 18.71+8.30b 17.88+7.35b
No drought
RE B
U TG 19.19+8.92b 56.23+12.0a 24.59+9.03b
Moderate drought
iR ELihs
R 17.56+5.33b 14.61+7.04b 67.83+9.60a

Severe drought

i FSIAR NG PR ZE ST B (P<0.05) .
Note : Different lowercase letters in the same column indicate signifi-
cant differences (P<0.05).
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