
 1 

SUPPORTING INFORMATION 

Insights into mapping tropical primary wet forests in the Amazon Basin from satellite-

based time series metrics of canopy stability 

 

Brendan Mackey1, Sonia Hugh1, Tatiana Shestakova2,3, Brendan Rogers2 and Ludmila Rattis2 

1Griffith University, Engineering Drive, Southport 2022, Queensland Australia 
2Woodwell Climate Research Center, Falmouth, MA, United States 

3Department of Agricultural and Forest Sciences and Engineering University of Lleida, 

Lleida, Spain 

 

SI.1 Supporting figures and tables 

 

 

Figure SI1. Density scatter plot of the three MapBiomass forest classes (primary forest, 

secondary forest, non-forest) in relation to fPAR_min in 2019 and the Canopy Stability Index 

(CSI) classes (4-40). We used the CSI class value of 20 to distinguish our “highly stable” 

from “more unstable” category as this delineated 75% of MapBiomas primary forest. CSI 

class value 25 was used to distinguish our “more unstable” from “unstable” category as this 

delineated where 75% of the MapBiomas secondary forest and non-forest areas occurred. The 

index values were then simplified to classes 1-10 and reversed with unstable (1) to stable 

(10). 
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Figure SI2. Spatial data used for flood plains (a) and burned  forest for the Brazilian Amazon 

(b). Sources:   (Nardi et al., 2019; Tyukavina et al., 2022) respectively.  

 

Figure SI3. Percent error for downscaled Mapbiomas pixels. 

 

Figure SI3. Downscale percent error for Mapbiomas pixels.  Shows the distribution of 

percent error of Mapbiomas pixels (30m) when upscaled to MODIS resolution (~500m).  The 

error distribution for (A) all pixels and the Mapbiomas classes of (B) primary forest, (C) 

secondary forest and (D) non-forest pixels. 

 

 

 

(a) (b) 
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Figure SI4. Spatial distribution of percent error for downscaled Mapbiomas pixels. 

 

Figure SI5. Normalised counts for forest CSI for pixels that experienced fires during the period 

2003-2019, occur on seasonally flooded landscapes and all pixels within the study area. There 

are multiple bars for each stability class because they represent the original range of values 

which ranged from 4-40. In order to derive the 10-class stability index plotted on the x-axis, the 

4-40 classes were divided by 4. 
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Table SI1. Details statistics of the comparison between the three forest 

stability index classes (highly stable, less stable, unstable) and the three 

MapBiomas classes (primary forest, secondary forest, non-forest) 
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SI.2 Methods for Canopy Stability Index (CSI) Calculation 

We calculated the Canopy Stability Index (CSI) using a modified version of the stability index from 

Shestakova et al. (2022). Our calculation incorporated four canopy metrics derived from a 2003-2019 

time series: (1) the Coefficient of Variation (CoV) of annual mean fPAR, (2) the absolute slope of the 

fPAR time series, (3) the CoV of annual mean SIWSI, and (4) the absolute slope of the SIWSI time 

series. 

Model Inputs 

This study utilized a 17-year monthly time series (2003–2019) of fPAR (fraction of photosynthetically 

active radiation intercepted by the canopy) and SIWSI (shortwave infrared water stress index), both 

sourced from MODIS satellite imagery at ~500 m (463 m) resolution. The fPAR index, representing 

absorbed solar radiation in the 400–700 nm range, was derived from the MCD15A3H v6 Leaf Area 

Index/FPAR 4-day global product [1]. SIWSI was calculated using the near-infrared (NIR; 841–876 

nm) and shortwave infrared (SWIR; 1628–1652 nm) bands of the MOD09A1 v6 Terra Surface 

Reflectance 8-Day Global product [2] as follows: 

SIWSI = (SWIR+NIR)/(SWIR−NIR) 

Quality flags were used to exclude pixels impacted by cloud contamination and sensor errors, 

removing pixels with high aerosol levels, cirrus, clouds, or cloud shadows. 

Input Constraints and Masks 

The analysis was constrained to the years 2003–2019, aligning with the most recent MapBIOMAS 

deforestation map available at the time (2022). All months were included in calculations. Following 

prior research, which demonstrated that fPAR/SIWSI indices must be analyzed within comparable 

forest ecosystem types for accurate stability assessment [3,4], we masked the 2003 forest cover to 

exclude tropical montane areas [5], limiting the study area to tropical and subtropical moist broadleaf 

forests [6]. 

To capture the impact of seasonal dry periods on forest phenology, the study used the Standardised 

Precipitation Evapotranspiration Index (SPEI) calculated with the SPEI package [7,8] in R [9], based 

on Thorntwaite’s potential evapotranspiration model. SPEI provides a multiscalar measure that 

accounts for temperature variability, crucial for drought assessment [7], using temperature data from 

the ERA5 Monthly Aggregates [10] and precipitation data from the Global Precipitation Measurement 

(GPM) dataset [11]. SPEI was computed for the 2003–2019 period, with monthly means calculated 

for each pixel to identify the driest month for each pixel. 

Based on monthly minimum SPEI values, pixels were grouped into three hydro-climatic regions 

representing seasonal variations in Brazil: region 1 (blue) with dry periods from December–April, 

region 2 (yellow) from May–July, and region 3 (green) from August–November. 

CSI Calculations 

The CSI calculation required two key statistics for each of the four metrics: (i) the Coefficient of 

Variation (CoV) for interannual variability, and (ii) the absolute slope of each time series, representing 

change over time. We first generated mean monthly time series for both fPAR and SIWSI, then 

calculated annual means for each pixel (17 values per pixel) and computed the CoV over these annual 

means. The absolute slope was obtained by performing a linear regression on the time series and 

taking the absolute value. 

After computing the four metrics (CoV of annual mean fPAR, absolute slope of fPAR, CoV of annual 

mean SIWSI, and absolute slope of SIWSI), each metric was ranked and classified into 10 deciles 

(bins) from 1–10. These decile values were summed for each pixel, resulting in an initial index range 
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from 4 (most stable) to 40 (least stable). This index was divided by 10 and inverted, yielding a CSI 

score from 1 (most unstable) to 10 (most stable). CSI calculations were performed separately for each 

SPEI region, and the results were combined to generate the final index. All calculations were 

conducted in Google Earth Engine. 
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