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Table 1 Confusion matrix of fire detection classification
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Table 2 Predict precision of study area I

Stacked Layers—Batch MAE MSE
32-32-32-batch16 0.0375 0.0188
32-32-32-batch32 0.0666 0.0234

64-32-batch16 0.0409 0.0193
128-batch16 0.0450 0.0193

#=3 MARRIEI FABE

Table 3 Predict precision of study area 1I

Stacked Layers—Batch MAE MSE
32-32-32-batch16 0.0554 0.0213
32-32-32-batch32 0.0517 0.0202

64-32-batch16 0.0428 0.0185
128-batch16 0.0460 0.0196

EVI varies along the time axis in the study area
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Fig. 7 Forest burned areas detection results
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Table 4 Precision table of burned areas detection in

study area I

W Ik Kt AREE HEFE Fl-score
Stacked ConvLSTM 0.827 0.802 0.975 0.814
Stacked LSTM 0.720 0.707 0.956 0.713
bfast 0.422 0.418 0.921 0.420
Fire_CCI 5.1 0.275 0.952 0.825 0.427
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Table 5 Precision table of burned areas detection in

study area II

{UEWIRES HifEE  HER MEFE Fl-score
Stacked ConvLSTM ~ 0.924  0.867  0.982 0.895
Stacked LSTM 0.907 0.785 0.978 0.842
bfast 0.597 0268  0.929 0.370
Fire_CCI 5.1 0922 0674 0964  0.779
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Fig. 8 Precision of forest burned areas column chart
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Table 6 Change detected time of study area I

Kl £ (DOY) AL (DOY)
Stacked ConvI.STM 126 116
Stacked LSTM 126 116
bfast 145 116
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Table 7 Change detected time of study area II

K5 (DOY) AL (DOY)
Stacked ConvLSTM 126 122
Stacked LSTM 126 122
bfast 145 122
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Forest burned area detection with time series data based on
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Abstract: As the largest land cover, forests play an important role in human living environment, biological habitat, and global carbon cycle.
Forest health is directly related to global ecological security and sustainable development of human society. In recent years, urban
construction, disasters, forest management and deforestation, and other factors have caused different degrees of disturbance to forests. It is
important to determine the exact time point and spatial range of forest burned area for forest damage assessment, management, carbon
accounting, and forest restoration management. Owing to the continuity of spatial distribution of forest burned areas, most of the existing
methods of forest burned area extraction use the two-step treatment strategy of first classification and then post-processing to suppress the
effect of false alarm pixels. In this paper, a spatiotemporal detection method, Stacked ConvLSTM, is proposed for the detection of forest fire
tracks in time series. This method avoids subjective post-processing operations on the basis of maintaining better spatial continuity of the
results, and achieves end-to-end extraction of forest burned area information, which improves the extraction accuracy of forest fire-burning
land. This paper proposes to use Stacked ConvLSTM to detect forest disturbance in time and space. Combined with the characteristics of
ConvLSTM in extracting temporal and spatial characteristics from long-term historical series, it can predict the change trend of vegetation in
a period of time in the future, and accurately determine the time point and spatial range of forest disturbance. ConvLSTM is an LSTM
variant proposed on the basis of LSTM. The full connection state from input layer to hidden layer and from hidden layer to hidden layer of
LSTM is replaced by convolution connection, which can make full use of spatial information. Compared with single-pixel-based methods,
ConvLSTM can extract the spatiotemporal structure information of time series images at the same time, which is better for spatiotemporal
analysis. In this paper, Stacked ConvLSTM is used to detect the temporal and spatial distribution of forest burned areas, predict the change
trend of vegetation in a period of time in the future, and determine the presence of forest burned areas by comparing with the newest time-
series images. With MODIS long time series data, based on the historical time series of Yinanhe Forest Farm of Zhanhe Forestry Bureau in
Heilongjiang Province and Beidahe Forest Farm of Bilahe Forestry Bureau in Inner Mongolia from 2001—2008 and 2001—2016, the
extraction results of burned areas were compared with Stacked LSTM and bfast algorithm. The Stacked ConvLSTM, Stacked LSTM, and
bfast algorithms were used to extract forest burned areas from MODIS time series in both regions, and to compare the detection results with
the Fire_ CCI 5.1 burned areas products released by ESA. Results show that, firstly, from the visual effect, in study area I, the error detection
of Stacked ConvLSTM is fewer than that of Stacked LSTM and bfast algorithm and maintains high continuity in spatial distribution. In
study Area II, Stacked ConvLSTM detected a more complete area of fire. Secondly, in study area I , Stacked ConvLSTM was 0.120 and
0.405 more accurate than Stacked LSTM and bfast algorithms, respectively. Moreover, the recall rate, accuracy, and Fire_CCI 5.1 Fl-score
were higher. In study area I , the accuracy of Stacked ConvLSTM is 0.924 had a higher recall rate, accuracy, and Fl-score than Stacked
LSTM, bfast algorithms, and Fire_CCI 5.1. The detection accuracy of ConvLSTM model in space is higher than that of the other two
methods, and its continuity of detection results in space is better. The detection effect of ConvLSTM model is equivalent to that of Stacked
LSTM in time, but both of them are closer to the real fire time point than bfast algorithm. Results show that Stacked ConvLSTM has
advantages in obtaining the change trend of forest long-term historical series for spatiotemporal prediction, and improves the detection
accuracy of forest fire to a certain extent.

Key words: Stacked ConvLSTM, time series, spatiotemporal prediction, forest burned area
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