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Abstract: Objectives: Night-time light images have been widely used in human activity analysis, social
economy estimation and other aspects. However, on night—time light images, farmland fire pixels caused
by burning fields are easily confused with the urban light pixels, which interferes with the socioeconomic as-
sessments using night—time light images. Based on the radiance time series characteristics of pixels, the
farmland fire pixels on night-time light images can be identified through the random forest method. Methods: 10
continental countries in southern Africa were taken as the research area. Based on Black Marble product
produced by national polar-orbiting partnership(NPP)/visible infrared imaging radiometer(VIIRS) data,
three characteristics of the time series of night—time light radiance were constructed, and the random forest
classification method was used to divide the pixels into farmland fire pixels, stable light pixels, and black

pixels. Results: Stratified random sampling was used to manually test the classification accuracy, using
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time series of night—time light data, high resolution satellite images and land cover data. Results show that

the overall accuracy of pixel classification is 91.2% , the average producer accuracy is 91.9%, and the average

user accuracy is 91.0%. Among them, the producer accuracy and user accuracy of farmland fire pixel classi-

fication are 86.4% and 92.6%, respectively. Conclusions: The random forest classification method was

used to classify the pixels on night—time light images into farmland fire pixels, stable light pixels and black

pixels with high accuracy. The proposed method can be used to filter out farmland fire pixels in Black Mar-

ble products, so as to improve the evaluation accuracy for African social economy using night-light images.

Key words: night-time light remote sensing; NPP/VIIRS; Black Marble product; southern Africa; farm-

land fire
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Fig. 2 Night-Time Light Images of the Study Area
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Table 5 Confusion Matrix of Classification Results for the Study Area
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Table 6 Classification Accuracy of Farmland Fire Pixels
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Fig. 7 Identification Results of Farmland Fire Pixels Near Lusaka

TE R B AR Y 3 X 104> KBl [ 5K, 3 2R R R
o B dR m A RR AR AR LRI O AR T KR
R ARESTDER R & e . X O -5 AR
D Sl DX A o A O JRE NG D AR AT, T T I A DX 3k
IR, K 2 80 ik R AT SE 03 OF &,
N JEAE AT BRAR e I B AR T2 R T A I s X
AR M o P AR FR 0 B 2 A A AR T
KON ERBRZ TR KRR FE, /s
A YA 30k i A K V- 3 AR 3T A X T AR

BN R R o T S AR TE i I i P AR
3 0TI Al DX 58 S i B YRR E AT OB IR R
b b

4 itig

41 MBERNEFmaH

NASA 4 7 ) MODIS #1 VIIRS I Bk & 7=
i EOG A2 77 B NOAA-20 F1 NPP ¢ i8] & 7= i J
H AT 2 0 A K = e S AT Ik 4 Bl K s



2550 5 10 )

WO H S VIIRS ROE AR A K AZ 258090 Oy i 2081

L &
B8 2021 4F bl Ui 104> [ Al o3 S 25 3
Fig. 8 Classification Results for 10 Countries in Southern
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Table 7 Classification Results Statistics of 10 Countries in Southern Africa
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Fig. 9 Detection of Fire Point Products on Farmland Fire Pixels Near Lusaka
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Fig. 10 Detection of Fire Point Products on Farmland Fire Pixels Near Huambo
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Fig. 11 Detection of Fire Point Products on Farmland Fire Pixels Near Umtata
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