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[ Abstract] Traditional cloud classification methods exhibit limitations such as subjectivity and low efficiency and accuracy. To ad-
dress these issues, a cloud classification prediction model based on the light gradient boosting machine ( LightGBM) was proposed.
Firstly, feature variables, including cloud top height, cloud bottom height, cloud layer thickness, average reflectivity factor, liquid wa-
ter content, and duration obtained through millimeter-wave radar were utilized. A dataset was then constructed by combining these fea-
tures with classification labels to meet the requirements of the model. This dataset was subsequently used to build a classification model
that categorizes clouds into seven types: St, Sc, Cu, As, Ac, Cs, and Ce. The experimental results demonstrate that the model achieves
an accuracy of 94. 70% , precision of 94. 68% , recall of 94.97% , and F, of 94. 65% . These results indicate superior classification per-
formance compared to other models. Therefore, the constructed LightGBM model shows significant effectiveness in cloud classification and
recognition, exhibits strong applicability, and holds promising prospects for the automation of cloud recognition services.

[ Keywords ] LightGBM; machine learning; cloud classification; millimeter wave radar
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Table 3 Optimal hyperparameter combination

S EA R 3401
max_depth 5
num_leaves 29

colsample_bytree 0.8
subsample 0.95
reg_alpha 0.15

reg_lambda 0.5

learning_rate 0.1
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Table 4 The LightGBM classification results

%51 LES H I/ % F\/%
Ac 95.83 95.83 95.83
As 100. 00 90.00 94.74
Ce 88. 89 84.21 86.49
Cs 83.83 100. 00 90.91
Cu 100. 00 94.74 97.30
Se 94.74 100.00 97.30
St 100.00 100.00 100.00
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753 FIWT LightGBM 3503k 2 Fi 14 BE , fef
(A 14 0 i 4 #8557 357 1) & AL (support vector ma-
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Table 5 Comparison results of five classification models

TR 44 B HERR/ % KR/ % B/ % F /%
LightGBM 94.70 94.68 94.97 94.65
SVM 88. 64 90.33 89.08 88.92
Logistic [A]19 87.12 88.66 87.77 87.81
= AN 3R DL S 81.82 82.95 82.61 81.73
KNN 90.95 90. 56 90. 48 90. 41
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