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Abstract As the core technical means for human beings to carry out scientific research on the Earth

system and the application of spatial information in multiple fields, remote sensing technology has com-
prehensively improved human beings’ understanding of the complex process of changes in the Earth sys-
tem, and the use of remote sensing technology with spatial and temporal continuity to carry out distur-
bance monitoring and classification research on forest ecosystems, which are important components of
the Earth’s land surface, can be more accurate and efficient. The use of remote sensing technology with
spatial and temporal continuity to monitor and classify disturbances in forest ecosystems, an important
component of the Earth’s land surface, can be more accurate and efficient. However, Forest disturbance
attribution requires a large number of disturbance type samples, and the laborious manual labeling of
high-quality samples and the sparseness of the change region itself limit the number of labelable distur-
bance samples. In this study, we propose a forest disturbance attribution method under small sample
conditions based on the confidence learning mutual guidance framework. In this study, we first used
Landsat long time-series remote sensing data to detect forest disturbances between 2000 and 2021 based
on the Continuous Change Detection and Classification (CCDC) algorithm to obtain a large amount of
unlabeled disturbance data, and then used a small number of manually labeled samples and the mutual
guidance framework constructed with Random Forest (RF) and Categorical Boosting (CatBoost) classi-
fiers to iteratively filter high-confidence data from the unlabeled disturbance data through confidence
learning, expanding the labeled sample size of each other’s classifiers, and then guided each other's classi-
fications to improve the classification accuracy of forest disturbance attribution. The results show that
the overall accuracy of forest disturbance attribution based on the confidence learning mutual guidance
framework is 91.4%. Compared with results using only a single classifier, the accuracy is improved by
5%. The method demonstrates excellent performance under small sample conditions and provides an effi-

cient and reliable solution for forest disturbance type classification research.
Key words Small sample, Confidence learning, Mutual guidance framework, Forest disturbance

attribution
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Geographic location of the study area (Natural color image of Landsatb acquired on 26 October 1987)
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Table 1

All available Landsat data for the study area by month
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Table 4 Accuracy assessment of disturbance detection in the spatial domain with different parameters
Pahgoo(Hme) REBIL(H) S FAPHEEE /(%)
Bh BT (FE) 233 17 250 93.2
T ot () 31 219 250 87.6
B 264 236 500 —
HEFEERERE /(%) 88.3 92.8 — —
SMAKERE /(%) 90.4
&5 STEAEHINEN = E)IZHE E T
Table 5 Post-processing accuracy assessment of disturbance detection in the spatial domain
HWInGIC(H%L) FE BT (HE) S FHFOREEE /(%)
e shigoo (F) 233 17 250 93.2
TR ot () 19 231 250 90.2
S84 252 248 500 —
BN /(%) 92.5 93.1 — —
SAKEEE /(%) 92.8
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Table 6 Post-processing accuracy assessment of disturbance detection in the temporal domain
AH R[] FEIR <2 i) 254 FEIR > 24 ] 2B EY e
g 185 5 43 233
Lt/ (%) 79.4 2.1 18.5 100.0
(a) )
0.91
640
[ 0.90
N >
172] Q
5 630 £ 0.89
& 3
g CatBoost 3
g = 088
@ 620 g
o= [
3 3 0.87
& 610
RF 0.86
RF
600 0.85
0 1 2 3 4 5 0 1 2 3 4 5
Iteration count Iteration count
K5 AU R PR 2 L. (a) VIZRREARUERYAZELL, (b) SRR RER 1L
Fig. 5 Changes in metrics during iteration. (a) Changes in sample size, (b) changes in overall accuracy



406

150 samples: 100

140

130 RE

120 CatBoost

Training sample size

110

100

Initial training
240 samples: 200

230

220 CatBoost

Training sample size

210

200

0 1 2 3

3701 Initial training

samples: 300
360
g
% 350
2 CatBoost
g 340
8
a0 330
=
k=
s 320 RF
—
[_‘
310 /
300
0 1 2 3 4

Iteration count

Initial training (a)

Chin. J. Space Sci. =AFFFIR 2025, 45(2)

0.731 Initial training CatBoost (®)

samples: 100
0.72

0.71

0.70

0.69

Overall accuracy

RF

0.68

0.67

0 1 2 3 4 5

Initial training
0.80 samples: 200

CatBoost

0.79

0.78

0.77

RF

Overall accuracy

0.76

0.75

0 1 2 3

Initial training
samples: 300

0.86 CatBoost

0.85

0.84

RF

Overall accuracy

0.83

0.82

0 1 2 3 4

Iteration count

Kl 6 RF Fl CatBoost 732 a IUFEA K K S AKE BE AL (WD ERVIZRAEASHE: 100, 200, 300)

Fig. 6

Variation in the number of samples, overall accuracy of RF and CatBoost classifiers

(Initial training samples: 100, 200, 300)
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Fig. 7 Variation in the number of samples, overall accuracy of RF and CatBoost classifiers
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® 7 ETEEFIESERNZHNIMNERSEREER
Table 7 Confusion matrix for forest disturbance attribution based on confidence

learning mutual guidance framework

T R (TR A () I B (i) R (T FHPREEE /(%)
TE R A R (EL52) 57 5 0 1 90.4
AR (L) 2 53 3 1 88.3
FFR (%) 4 1 61 2 92.4
KR (FLE) 0 1 2 64 94.1
AP EREEE /(%) 90.5 89.8 89.7 94.1 —
RARAEEE /(%) 91.4
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Fig. 9 Misclassification of forest disturbance attribution based on the confidence learning mutual guidance
framework. (a) and (i) are from GEP, (b) and (j) are disturbance classification maps, (¢)~(h) are Landsat

time series of deforestation, shown in true color (band 321 combinations), and (k)~(p) are reclamation
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