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ABSTRACT 4. METHOD

Forest loss is a global issue that requires real-time Bayesian Online Changepoint Detection (BOCD) is a statistical method that partitions a time series of Sentinel-
surveillance to prevent further vegetation loss. This 1 data into segments by tracking the posterior distribution over the most recent change point, thus inferring
study presents an unsupervised SAR-based technique the run length, r;, of the current segment [5]. As the time series can be partitioned in infinite ways, the model
that leverages Bayesian inference and infinite state resembles an infinite state Markov chain.

Markov chains to identify forest loss, overcoming the
limitations of current methods. Our approach sig- Hypotheses:
nificantly improves accuracy and reduces false alarm
rates compared to existing Near Real-Time (NRT) for- 7" Sentinel-1 (GRD, vh) time series, X1 Objective:

est loss monitoring systems and enlarges the condi- 2¢0 ~ pg(z;) Data model p(relxis) = p(re,x1:¢)

. g o Zit: p(rtaxlit)
tions of operability. 0 ~ 7(0) Parameter prior : 0
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1. INTRODUCTION & OBJECTIVES ~ Joint dﬁft)ribution:
p(rt,XLt) — Zm_lzop($t|xt_t ) ' H(Tt|7“t—1) 'p(Tt—th;t—l)

A

Forests globally are undergoing substantial changes

due to forest loss, highlighting the urgent need for Conjugate likelihood-prior
prompt forest surveillance [1]. Traditional forest mon- tractability
itoring has relied on optical imagery [2], which is sig-
nificantly limited by cloud coverage. Synthetic Aper- Posterior predictive:

ture Radar (SAR) systems have emerged as a robust ") = Jopelxs) - 7r(9|x7(57f{)d9
alternative due to their all-weather operability [3, 4].
However, they encounter challenges that our pro-
posed solution aims to address:
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Backscatter changes due to soil conditions A downward shift indicates forest loss

Filtering hampering small-scale detections
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Monitoring of seasonality-prone areas
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5. FOREST LOSS RESULTS
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Figure: Study area with focus on two distinct biomes. The
Cerrado experiences pronounced seasonal variations.
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Figure: Small-scale forest disturbance for 2020 generated by BOCD over the Amazon (left) and the Cerrado (right), in com-
parison with MapBiomas Alerta reference data. Optical background image from Google Earth (©2023 Google)
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Alerta 6. COMPARISON WITH OTHER NRT SYSTEMS & DISCUSSION

Performance metrics were assessed for the BOCD method across different configurations, each representing

varying levels of conservatism, and compared with existing operational NRT systems; GLAD-L ([2], optical-
based), RADD ([3], SAR-based), and GFW (an ensemble of optical and SAR-based alerts).

o [ Year 2020

Polygons
<1ha Amazonia Cerrado

True Detections vs False Alarm - Amazonia True Detections vs False Alarm - Cerrado

‘ Amz: 1390 ] Qe 2 @380 C4 o GE0-—gc @

‘ 1 629 ] el 1 -

Legend Cer: 6 . : ‘ 1 c3 .Eﬂ @c1

p -~ O -
‘g;:f@ Validation Polygons Cerrado J . ‘ -
”Validation Polygons Amazonia 0 250 500 km 4 '.' Ccl ] . 1

Figure: Validation data and relative characteristics.
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with better detection and fewer false alarms; FP/tot FP/tot

7. CONCLUSIONS

This work offers some key contributions:
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2. Method application i.n the Seasorole?lly sensitive Figures: Normalized true positives vs normalized false positives of the different systems for the Amazon (left) and the
Cerrado biome, showmg adaptablhty; Cerrado (right) biomes. The labels C1, C2, C3, and C4 denote various configurations the BOCD method, each representing

distinct degrees of conservatism.
3. A filtering-free approach that maintains spatial 5

resolution and reduces overestimation. BOCD-C1 | BOCD-C4 | GFW BOCD-C1 | BOCD-C4 | GLAD-L
BOCD GLAD-L Fl, thr=75% 69.6% 87.4% 74.1% Fl, thr=75% 39.5% 58.5% 23.6%
b F]., thr=30% 91.6% 97.9% 92% Fl, thr=30% 85.3% 93.1% 66.9%
F1, thr=10% 92.7% 97.3% 93.1% F1, thr=10% 91.7% 97.4% 75.5%

Tables: F1-score comparison between systems for varying evaluation thresholds. (left) Amazon, (right) Cerrado.
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