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Abstract : Accurate recognition of cloud type is helpful to improve the forecasting accuracy of photovoltaic power production. In
order to solve the problems of cloud type recognition of the ground-based cloud such as complex target candidate box selection and slow
detection speed, a recognition method of cloud types in ground-based cloud map based on anchor free is proposed. First, the paper
takes Center Net as the basic architecture of cloud type recognition. Based on thermodynamic diagrams prediction, key point
prediction, center point prediction and candidate box prediction, a anchor free ground-based cloud type detection process is
constructed. And then, the main network, loss function and candidate box prediction method of cloud type recognition model are
designed. Finally, take CenterNet-ResdenlO1 as the model, compared the algorithm recognition accuracy, candidate boxes predict
confidence and identify speed with mainstream target recognition methods and cloud type recognition method. The results showed that
the cloud type recognition method of the paper has higher recognition accuracy and faster recognition speed.
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Fig.1 The foundation cloud and traditional cloud
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Fig. 2 Different kinds of cloud images
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Fig. 4 Result of Cloud types detection
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Tab. 1 Eight kinds of cloud sample number statistics
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Tab.3 Recall rates and F1 values of models

CenterNet-

ReadenlOl Faster R-CNN CloudNet Yolov3
= HERR F1 FERCIES F1 FERCIES Fl FERCIES Fl
(ST PN 0.96 0.98 0. 88 0.85 0.98 0.98 0.97 0.97
Rz 0.98 0.99 0. 82 0.76 0.99 0.99 0.98 0.99
BR= 0.97 0.97 0.95 0. 94 0.99 0.99 0.83 0.79
LBER 0.98 0.99 0.95 0.93 0.98 0.98 0.98 0.99

Bo 0.91 0.95 0.96 0.98 0.99 0.99 0. 94 0.96
AT 0.92 0. 94 0.99 0.99 0.99 0.99 0.91 0.95
A 0. 90 0.95 0.85 0.91 0.92 0.96 0.76 0. 82
ER= 0.86 0.85 0.80 0.76 0.62 0.77 0.85 0.79

4.3 EEERESH

ST B UEAR ST B 5 1A R, AR SO L A,
TN = AR G S b T AR SCRIR
B
4.3.1  Hu S AT

TG 7 AR = 6 TR A SO [R] X
AT HUNAEAE LU T [n] 8, — 5K MR B 1S Rk I
AFRERALATAN O T 2= 1925 (8] 43 A 9 45 2 5 AU
A JE LUKy — B < (2RI s s 2B 5
R DIE R 2=, B2 5 A ] A REAE AR
TMELLX 23, BE X R I, A SCR A B H AR TR 5
T MRSR AT AMERA (9 1R 50 B = ) = B Rk
SV 2 (o7 R o s TR 6 TR 7 iR,
JEHR AR ) B A5 B fe e BR BEIA E 0. 973,

(@ BEHRsFLE O EETLE (o) BERsPFLE
d) BE=HLE (e) BT L (O FH = HO A

7 BEZPOLRME

Fig. 7 The center positions of various cloud
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