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Existing systems

Monitoring forest loss with multispectral data

GLAD-L _ Sentinel-2
[Hansen et al. 2016}  10-meter resolution
« 5-day revisit
GLAD-S2
[Pickens et al. 2020] : :




Existing systems

Monitoring forest loss with multispectral data
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Existing systems

Monitoring forest loss with multispectral data

Sentinel-2
 10-meter resolution
« 5-day revisit
« Cloud coverage

GLAD-L

[Hansen et al. 2016]

GLAD-S2

[Pickens et al. 2020]




Existing systems

Monitoring forest loss with SAR data

Sentinel-1

C-band (f.=5.405 GHz)
~20-meter resolution
6-day revisit
All-weather capability

RADD
[Reiche et al. 2021]
LUCA
[Mulissa et al. 2023]



Existing systems

Monitoring forest loss with SAR data
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Existing systems

Monitoring forest loss with SAR data

RADD
[Reiche et al. 2021]
LUCA
[Mulissa et al. 2023]




Challenges for SAR systems

1. Signal variability at C band due to soil conditions

[ Intact forest ] [ Bare soill ] [ Soil moisture ]

ﬁ
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Challenges for SAR systems

1. Signal variability at C band due to soil conditions

[ Intact forest ] [ Bare soil ] [ Residual vegetation ]




Challenges for SAR systems

2. Seasonality
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Challenges for SAR systems

3. Detection of small details due to filtering

{ Original } [ Boxcar 3x3 } { Boxcar 9x9 } {Boxcar 12x12} - ?
J

Lower spatial resolution ‘ Omissions Over-estimation
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Objective

New forest loss monitoring method

Unsupervised Near real-time Large scale




Contributions

New forest loss monitoring method

Method for single-polarization Extension to dual-polarization
Sentinel-1 data Sentinel-1 data

Generalization to Sentinel-1 Study case:
and Sentinel-2 fusion w4 fire-induced forest loss detection




ontributions

New forest loss monitoring method

BOCD
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Study area

2019 - 2022

90% - 2 Brazilian Biomes

21 treeS per second

S g g
Ty
TRETTRET™

[RAD 2023]
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Amazonia

Amazonia Cerrado

Rainforest
 40% of Brazil
 Well monitored in NRT
« Small-scale / fragmented
deforestation

e Savanna
e 20% of Brazil
 Mixed land cover :

Savannas . Forests

Grasslands

« Strong seasonality
« Under-monitored in NRT
 Industrial agriculture

Study area

Two biomes --\_
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Reference data

“® MapBiomas Alerta

Visual inspection of high-resolution optical imagery

(] MapBiomas Alerta
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Reference data

“® MapBiomas Alerta
“® Monitoring year 2020

“® Principle of detection

= Tholy

¥ Comparison

] MapBiomas Alerta

RADD GLAD-L GFW
(Sentinel-1) (Landsat) (Landsat, S2, S1)
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Bayesian method

“Bayesian Online Change Point Detection”
[Adams and Mackay 2007]

BOCD: recursive online MAP estimation
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Bayesian method

BOCD: recursive online MAP estimation

Sentinel-1 data

~

Yol X1:t = (xl' ""xt)T € ]Rt' Xi = ylgH [dB]

J

Hidden Markov Model ‘

Run Length Tr_q

Xt 1
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Bayesian method : ;
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Bayesian method

Sequential processing through message-passing 41—
! (oxi) T
P\t X1 e

p(rtlxl:t) — ot : d 2
r+=0 p(1e, X1.¢) s
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Joint distribution
[Adams and Mackay 2007]
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p(r, X1:0) = z

~

DX e—1:60 X1:6—1)P (e |1 1)P (21, X1:6-1)

t—1

Posterior predictive
distribution

Prior probability of a Message from
transition previous iteration
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Bayesian method

Posterior predictive distribution

* Data likelihood between changepoints ~pg (x;)

* Parameter prior distribution 6~ (0)

High computational complexity

p
[ p (xe[x7) = jp(xtle)ﬂno( %)) do

) =

\_

10 (6

(Te—1)
Xe—1

(tl

)_ xt 1 ‘9)7‘[,10(0)
(Tt 1)|0) no(e)de

~N

J

l A solution:

Conjugate priors:

[n ( ‘x( 1 1)) = Ty(r,—1)(0) ] » [p(xt‘x( ol 1)) fxe;m(re—y)) ] Simple parameter update
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Bayesian method

In practice

* S1 RTC log-intensity = Normal likelihood

* Parameter prior > Normal Inverse-Gamma

‘ Closed-form posterior predictive:

g B( 1) o
Km*
p (x| xm)tham (x; Hm )

AmKm

n(m) = (Um, A Ky Brn)
\

t-distribution
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Bayesian method N =1

Transition probability and spatial context adaptation

t B Gompertz-Makeham model
[P(Tt — Olrt_l) =1—-—e Je-s h(u)du] [h(t) =c+ Nlaeb(t ‘) ] [SteverE)son 2007]
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Bayesian method Ny =3

Transition probability and spatial context adaptation

t B Gompertz-Makeham model
[P(Tt — Olrt_l) =1—-—e Je-s h(u)du] [h(t) =c+ Nlaeb(t ‘) ] [SteverE)son 2007]

18 /55



Bayesian method

Transition probability and spatial context adaptation

p(ry =0|r_y) =1—e" ftt—1 h(w)du h(t) = c + Nlaeb(t—tl)

Gompertz-Makeham model
[Stevenson 2007]
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Detection strategy

Maximum a posteriori (MAP

-

M; = arg IT;,aXP(Tt|x1:t)
t

\_

\

J

If:

M, < M;_{ +1 - change

In practice:
Mt S Mt—l _AM

Detection delay:

4 )

M;
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Example of detection

BOCD on a single-pixel time series

Sentinel-1 VH, Single-Pixel Time Series
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Reference data

MapBiomas Alerta

« Small polygons dataset

0.1 <Ap<1ha

« Large polygons dataset
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Spatial results: the Amazon

Small-scale forest loss in 2020

True detections vs false alarms

Small-scale (4y) deforestation map

TP/tot
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Spatial results: the Amazon

TP/tot

Small-scale forest loss in 2020

True detections vs false alarms
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Spatial results: the Amazon '

Small- vs large-scale forest loss in 2020

F1l-score [%0]
compromise between detections and false alarms

g A Small (A) Large (Aq)
@ BOCD GFW RADD BOCD GFW RADD

PP e J e J s J| L4 J[ s J[ s0 ]
+ 13% GFW largely affected by

\ / false alarms

+ 32%




Spatial results: the Cerrado

Small-scale forest loss in 2020

TP/tot

True detections vs false alarms Small-scale (4,) deforestation map
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Spatial results: the Cerrado

Small- vs large-scale forest loss in 2020

-

\_
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Spatial results: comparison

BOCD performance between biomes

F1l-score [%0]
compromise between detections and false alarms

Small (Ap) Large (Aq)

/ \ d Amazon N[ Cerrado A @ Amazon N[ Cerrado A




Results interpretation

Different deforestation practices

Amazon

* p, Big parcels - slash and burn

Cerrado

’ , Big parcels > soja

Small parcels 2 immediately cleaned Small parcels = subsistence farming

m /.!

Volume scattering Volume and surface scattering Surface scattering
VH1 VHI

27155



Results interpretation

NDVI Examples

No residual vegetation

Residual vegetation

NDVI RGB NDVI

Histogram Histogram
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Temporal results

BOCD vs operational methods

% vs RADD vs GLAD-L
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Temporal results

BOCD vs operational methods [ BOCD non affected by seasons ]
% vs RADD vs GLAD-L vs GFW
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Summary & objectives

BOCD improves small-scale forest loss detection

Residual vegetation reduces BOCD performance

BOCD: lower detections vs GFW on large clearings




Summary & objectives

Residual vegetation reduces BOCD performance Dual-polarization BOCD
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Bottani et al. Bayesian polarimetric detector for improved forest loss monitoring using dual-polarization Sentinel-1 data.
ISPRS Journal of Photogrammery and Remote Sensing (2025), Under Review.




Polarimetric BOCD

p(Te, X1.¢)

Sentinel-1 dual-pol data p(relX1.) = =
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Polarimetric correlation properties

Over forested areas _ _
VV intensity [dB]
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Spatial results: the Amazon

Small- vs large-scale forest loss in 2020

Deforestation map (49 & A7)
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Spatial results: the Amazon

Small- vs large-scale forest loss in 2020

Deforestation map (49 & A7)
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Spatial results: the Amazon

Small- vs large-scale forest loss in 2020

Deforestation map (49 & A7)
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Spatial results: the Cerrado

Small- vs large-scale forest loss in 2020
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Spatial results: the Cerrado

Small- vs large-scale forest loss in 2020

Deforestation map (4p & 44)
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Spatial results: the Cerrado

Small- vs large-scale forest loss in 2020
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Deforestation map (4p & 44)
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Summary & objectives

pol-BOCD: +10% over areas with post-clearing debris

BOCD: lower detections vs GFW on large clearings




Summary & objectives

pol-BOCD: +10% over areas with post-clearing debris

BOCD: lower detections vs GFW on large clearings Multi-source BOCD
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Bottani et al. Multi-source fusion using Bayesian online change detection: application to deforestation monitoring using SAR-optical time series. In proceedings IEEE
International Workshop on Computational Advances in Multi-Sensor Adaptive Processing (CAMSAP), 2025.




Insights on SAR-multispectral fusion

[ Asynchronous ]
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Insights on SAR-multispectral fusion

Asynchronous
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Insights on SAR-multispectral fusion

[ Asynchronous ] [ Irregularly sampled ]
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Insights on SAR-multispectral fusion

[ Asynchronous ] [ Irregularly sampled ]

_ n:. acquisition index
[ L = {ti,nil = 1y oon NS,TL =1, ---;ni} J t: acquisition date
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Fusion of asynchronous data

Single Markov chain

[ How to write the posterior predictive of r;, ? ]

 |ndividual posterior predictives:
n—1
fi (xi,nl-; ni(tn)) =P (xi,ni g;li_1))
* Global posterior predictive:
n—1
p (xn‘Xg—1 ))zg{fl (xi,ni; ni(tn))}izl’z

N

[ No memory ]

X

[ Full memory ]

N

:1fi (xi,nl-; ni(tn)) fm (xm,nm; N, (t,))

m: measured source

i

rn A

Heterogeneous segments

3\
rlnl
r_1 =4 B
n-1 rZle_Z) O
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Fusion of asynchronous data

Adaptive power weighting

[ Down-weight old acquisitions ]

| Deterministic | w;(r;, — 1) = e™tin (< } < 4o

(=D \_Ns wilrp—1) : <
— X - - - / ) ' t . .
Pw(r,—1) (xn‘ n—1 ) [1;2, f; (Xins Mi(tn)) [ Bayesian ] w;~Beta(a;, ;) or w;~Dirichlet(a; )
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Yvu [dB]

Examples of detections

Mms-BOCD on single-pixel time series

Simultaneous S1 & S2 changes
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Spatial result: the Amazon '

Small- vs large-scale forest loss in 2020
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Spatial result: the Amazon '

Small- vs large-scale forest loss in 2020
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Summary

Sensor-agnostic change detection algorithm

Multi-source Asynchronous

Unequally sampled
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Data sources

PlanetScope — November 2024

Fire timeline
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Comparison of results
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Summary

Potential of BOCD for monitoring degradation

Multi-source

Complementarity SAR-multispectral
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Perspectives

Advancing multi-source fusion Monitoring selective logging
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« Multi-frequency SAR
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Conclusion

New method for NRT forest loss monitoring
unsupervised, scalable, multi-source fusion

Up to 30% improved detection vs existing systems
especially effective for small-scale deforestation

Robust to false alarms
outperforms current systems

Works in regions affected by seasonality
effective in the Cerrado

Faster detection
lower detection delays than existing methods
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Thank You!

Multi-source monitoring of forest loss using SAR and
multispectral time series
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