Integration of the Wall-to-wall Mapping and Statistical Sampling for
Landsat-based Land Cover and Land Use Monitoring
Using GLAD ARD and Tools
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Global Forest Monitoring (with GFW/WRI)

https://www.globalforestwatch.org/

* Tree canopy cover
2000, 2010

e Forest height
2019

e Primary tropical forests
2001

* Intact Forest Landscapes
2000, 2013, 2016

* Annual forest cover loss
2000-2020




GEDI and Landsat Integration for Forest Height Mapping

Global Ecosystem Dynamics Investigation (GEDI)
High resolution laser ranging of Earth’s forests and topography from the ISS

Product # | Data product Format

L2A VO0O1 | Elevation and Height Metrics Data Global Footprint
Level (25

L2B VOO1 | Canopy Cover and Vertical Profile (RH) Metrics Data ?Ve (25 m
diameter)

Canopy height footprint level data (https://gedi.umd.edu)



https://gedi.umd.edu/

GEDI and Landsat Integration for Forest Height Mapping

s

30
Forest canopy
height, meters

0

Global forest cover height 2019 produced through the integration of
GEDI data (April-October 2019) and multitemporal metrics derived
from Landsat GLAD ARD. (Potapov et al., RSE, 2020)




GEDI and Landsat Integration for Forest Height Mapping

Finland Russia
Forest 30m Forest 30 m Forest 30m > km
height height loss height gain
2020 2000-2020 2000-2020
Om Om Om




GEDI and Landsat Integration for Forest Height Mapping

Finland Russia
Forest 30m Forest 30 m Forest 30m > km
height height loss height gain
2020 2000-2020 2000-2020
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Near-real-time Forest Monitoring (GLAD Forest Loss Alerts)

https://www.globalforestwatch.org/
https://glad.umd.edu/dataset/glad-forest-alerts

GLAD forest loss alerts
2005-present
Tropical countries
Daily/weekly updates
Landsat and Sentilen-2 data

|
nature climate change

Explore content ~  Journal information > Publish with us ~

nature > nature climate change * analyses > article

Analysis | Published: 04 January 2021

The impact of near-real-time deforestation alerts
across the tropics

Fanny Moffette & Jennifer alix-Gardia, Katherine Shea & Amy H. Pickens

Nature Climate Change 11, 172-178 (2021) ‘ Cite this article
1889 Accesses \ 1 Citations | 498 Altmetric | Metrics

Subscriptions to alerts in 22 tropical
countries decrease the probability of
deforestation in Africa by 18%.

The alert system’s value is between
US$149 million and USS696 million in
social cost of carbon for avoided
deforestation in Africa.




Global Surface Water Monitoring
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Pre-harvest Soybean Area in South America




Pre-harvest Soybean Area in South America

2019/20 2009/10 2000/01

Song, X.-P., Hansen, M.C., Potapov, P.V., Adusei, B., Pickering, J., Adami, M.,
Lima, A., Zalles, V., Stehman, S.V., Di Bella, C.M., Cecilia, C.M., Copati, E.J.,
Fernandes, L.B., Hernandez-Serna, A., Jantz, S.M., Pickens, A.H., Turubanova,
S., & Tyukavina, A. (In review). Massive soybean expansion in South America
since 2000 and implications for conservation. Nature Sustainability




NASA/USGS Landsat program

AVHRR SPOT Ikonos RapidEye Sentinel-2
Since 1978 Since 1986 Since 1999 Since 2008 Since 2015

200,000
150,000
100,000

50,000
Total scenes since 1982: >6 million
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Landsat C1 T1 Data (TOA) Per-pixel QA Reflectance Normalization

Integration of cfmask and GLAD QA models MODIS growing season surface reflectance
used as a normalization target. Bias value

calculated for each spectral band within
pseudo-invariant object mask.
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e Clear-sky land, water, snow/ice

pNORM=TOA_(Gxd+B)

LOW e eoW 0 ooF 1208 e Clouds, cloud shadows, haze
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Temporal Integration Spatial Data Format

1
2
3
4
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6
7
8
9

10
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12
13
14
15
16
17
18
19
20
21
22
23

1
17
33
49
65
81
97
113
129
145
161
177
193
209
225
241
257
273
289
305
321
337
353

ID DOY start DOY end

16

32

48

64

80

96

112
128
144
160
176
192
208
224
240
256
272
288
304
320
336
352
366

16-day composites of

normalized surface reflectance
(8-band LZW-compressed GeoTIFF files)

Layer Image data Units, data
format
1 Blue Normalized
2 Green surface
3 Red reflectance scaled
4 NIR to the range from
5 SWIR1 1 to 40,000,
6 SWIR2 Uintle
7 Brightness K x 100, UInt16
temperature
8 QA QA code, UInt16

Baltimore
)

Projection

+proj=longlat +ellps=WGS84 +datum=WGS84 +no_defs
Pixel size

0.00025 x 0.00025 degree

Tile size

4004 x 4004 pixels (1.0005 by 1.0005 degrees)

The 16-day ARD data are available globally for the 1997-present.




Spatial Consistency Temporal Consistency

1988 1995 2000 2005 2010 2015 2019
1988

Without anisotropy correction With anisotropy correction

Comparison of T

MODIS NBAR 5o s

and GLAD ARD  :,

A ’ UlLandsal(ﬂGi\DARD]Oa M B ’ ﬂzLandsat(DGtADARDloj * C ’ :::dsat(smms;) ° 2019
red NIR SWIR (1.6 um)




The GLAD ARD API provides
access to ~1.5PB of global data.
https://glad.umd.edu/ard/home/

The GLAD Tools V1.1 provides end-
to-end capability for land cover

mapping, change detection, and
sample analysis.

CURL

>curl -u username:password -X GET https://glad.umd.edu/dataset/landsat_v1.1/26N/086E_26N/920.tif -o D:/Data/086E_26N/920.tif
Batch download using PERL scripting
>perl C:/GLAD_1.1/download_V1.1.pl <uname> <passwd> <tile list> <start int> <end int> <folder>

ARD API Access

GLAD Tools V1.1

Open-source software (R, MinGW, QGIS/0SGeo4W, PERL).
Includes machine-learning tools for image analysis.
Includes statistical tools for sample interpretation and analysis.

no_C
D: /GLAD_ARD/Metrics_pheno,
em= LAD_ARD/DEM
year=2019
target_shp=target.shp
bkgr_shp=background.shp
e les.

= ]

. bat Esification_pheno_C.txt

____________



https://glad.umd.edu/ard/home/

https://glad.umd.edu/ard/home

GLAD ARD data, tools, and manuals are available at
https://glad.umd.edu/ard/home

System requirements:
e Windows 10 (64 bit).

16 GB RAM (64GB or more for optimal performance).

* Enough disk space for data storage and processing.

* Administrative privileges are required for software
installation.

Open source/free software required for GLAD Tools
(must be installed before GLAD Tools installation):
* PERL
http://strawberryperl.com/
* QGIS/0SGeod4W

https://qgis.org/en/site/forusers/download.html

e R
https://cloud.r-project.org/



https://glad.umd.edu/ard/home
http://strawberryperl.com/
https://qgis.org/en/site/forusers/download.html
https://cloud.r-project.org/

https://glad.umd.edu/ard/home

GLAD ARD data, tools, and manuals are available at
https://glad.umd.edu/ard/home

Installation instructions:

 Download the latest version of the package

(https://glad.umd.edu/Potapov/ARD/GLAD 1.1.zip)

e Create folder “C:\GLAD 1.1” and unpack the content of
the zip file into this folder.

e Open “C:\GLAD 1.1” and execute batch file
“Add_PATH for GLAD v1.1.bat” (as administrator).

* Reboot your computer.

Update instructions:

e To update the GLAD Tools, simply download the latest
version and unpack to “C:\GLAD _1.1”, replacing all old
files. The update log provided in
“C:\GLAD_1.1\!readme.txt".



https://glad.umd.edu/ard/home
https://glad.umd.edu/Potapov/ARD/GLAD_1.1.zip

Selecting Tiles

The global Landsat ARD product is provided as a set of 1x1
geographic degrees tiles. To select ARD data tiles for your area
of analysis, use the tile boundary shapefile located in
C:\GLAD_1.1\Data\Global_tiles\glad_ard_tiles.shp

Load both the project boundary shapefile and the global tiles
shapefile to QGIS. Select tiles that intersect with the project
boundaries (use QGIS “Select by Location” tool). Save the
selection as a separate shapefile.

Open the ”*.dbf” f||e Of the B tiles.txt - Notepad
1 H File Edit Format View Help
selected tiles dataset. Copy the list Lo7E 15N
1 1 188E_15N
of tiles and paste them into a new PP
text file (“tiles.txt”). No header or 1ogE 1
empty lines are allowed in the list. 106E_L3N
108E_12N
189E_12N
187E_11N
188E_11N
100%  Unix (LF) UTF-8




Selecting 16-day Composites

. . Example:
The global Landsat ARD data composited in a set of 16-day To create a gap-filled annual data for 2018, we need to select all

Intervalls, 23 com.p05|tes per ij'ar. !Each interval has a unique intervals of the year 2018 (875-897). To implement gap-filling of missing
numeric ID, starting from the first interval of the year 1980. data, it is recommended to download data for four preceding years

Use 16-day interval ID table (2014-2017). The overall ARD time interval 2014-2018 for data
(C:\GLAD_1.1\Documentation\16d_intervals.xIsx) to select download is 783-897.

i nte rva Is fo r yo u r a n a Iys i s 16=davintersal # within a wear
* ear 1 z 3 4 5 G 7 g 3 il il 12 13 14 15 16 17 15 13 z0 il 22 23
1380 1 z 3 4 S g 7 g 3 il il 12 13 14 15 16 17 I 13 z0 al 2z 23
1981 24 25 26 27 28 29 30 o 32 33 34 35 36 37 38 39 40 41 42 43 dd 45 45
1382 47 48 43 =) &1 52 53 54 55 SE 57 58 59 B0 E1 B2 B3 Bd ES BE BT B3 B3
1383 70 71 T2 73 74 75 76 77 T8 L] a0 a1 gz 23 a4 g5 86 a7 a3 a3 30 b= 32

2077 a5z i) 54 855 a6 a7 i) 53 d60 i 6z e fifd il it} e a67 it} e avo vl a7z s ard
2015 i) i) 7T i) i) it} i1 g8z faax] fifid fajae) s ST i faa] 30 31 g3z 533 i34 35 36 37
2013 35 33 300 301 a0z 03 304 05 06 307 05 03 0 m 2 5 T4 315 6 7 5 13 J20
2020 321 2z 323 F2d 25 326 327 25 323 330 331 I3z I35 334 335 J36 337 bk ] 333 340 341 34z 343
2021 344 345 345 347 345 343 350 351 35z 353 354 355 356 357 355 353 360 361 36z 363 64 65 366
2022 6T 65 363 a0 ral 37z 373 Fvd 375 376 v s 373 380 351 35z 353 Sad 335 336 387 355 333
2023 930 k=1 932 993 934 335 336 997 935 933 Lun] oo ooz 1003 1004 005 1006 oo 1oos 003 o0 o1 oz
2024 1013 1014 s 1016 1017 1013 3 10z20 1021 ez 1023 1024 025 1026 =5 025 1023 10z0 1031 sz 1033 1034 035




Data Download

User registration.

To download the data, please obtain the unique username and password by registering at
https://glad.umd.edu/ard/glad-landsat-ard-tools. The following section uses username “valdai” and the password
“valdaitest”. These username and password are for test purposes only and will be eventually deprecated.

Open CMD in the folder with tiles.txt file. Run the following command to download data:
perl C:/GLAD_1.1/download_V1.1.pl valdai valdaitest tiles.txt 806 897 D:/ARD/16_day

In the same CMD, run the command to download topography data:
perl C:/GLAD_1.1/download_SRTM.pl valdai valdaitest tiles.txt D:/ARD/DEM

Manage D:\ARD\16_day\107E_11N
File Home Share View Picture Tools 9
« v 4 [ ]« ARD » 16.day » 107E_11N v O Search 107E_11N
A0 y et e “< “ Local ARD data storage.
16_day 5 576.4if 3/16/2021 10:22 AM TIF File 245,116 . .
107E 1IN I 31672021 10:22 AM T Fie - Each tile should be stored in a separate
107E 12N - e A TR vy | folder. The DEM data should be stored
107E_13M | 579.tif 3/16/2021 10:22 AM TIF File 246,049
107E 14N - o R TER o separately from the ARD data. See
12;?:: =] 582.4if 3/16/2021 10:22 AM TIF File 190,714 section 4.3 of the User Manual for data
- =) 583.if 3/16/2021 10:22 AM TIF File 241,723 ) ) ) )
108E_12N =) 584.if 3/16/2021 10:22 AM TIF File 254,366 organization 8U|de|lneS-
108E_13N =] 535 if 3/16/2021 10:22 AM TIF File 44,523
108E_14N =1 506 if 3/16/2021 10:22 AM TIF File 230,207
108E_15N =) 587 if 3/16/2021 10:22 AM TIF File 219,148 ¥
184 items =



https://glad.geog.umd.edu/ard/glad-landsat-ard-tools
https://glad.umd.edu/ard/home
https://glad.geog.umd.edu/ard/glad-landsat-ard-tools
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Phenological Metrics

Gap-filled annual time-series data

Pheno C metrics
6 | = 12 S 14 20 "

e 3-interval gaps filled with data

gap from years Y-1 and Y-2
| r | e 5-interval gaps filled with data
a 9] 20/ from years Y-3 and Y-4
e The number of preceding years
22 used for gap-filling can be
B A defined for a metrics set.

E * Missing data interpolated using

linear regression.

Data selection rules (metrics processing flag, PF)

* All data from the target and selected preceding years are considered.

* PF codes 1-3 indicate clear-free data presence; code 7 — permanent snow/ice.
* Codes 4 indicate presence of topographic shadows or wetlands.

e Codes 5-6 indicate presence of haze/shadow contaminated observations.

e Code 8 indicated cloud/shadow observations only.




Phenological Metrics

Year 2008 image composite, no gap-filling Year 2008 image composite, gap-filling using 3 years of data




Phenological Metrics
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Phenological Metrics

Ranking of 16-day observation time-series by spectral reflectance or index value

Spectral data and indices

Summary statistics

Blue (482 nm)

Minimum

Maximum

Green (561 nm)

Red (654 nm)

Median

NIR (864 nm)

Average between min and Q1

Average between Q3 and max

SWIR1 (1609 nm)

SWIR2 (2201 nm)

Average between Q1 and Q3

Average of all values

(NIR-Green)/(NIR+Green)

(NIR-Red)/(NIR+Red)

Standard deviation

Total absolute difference

(NIR-SWIR1)/(NIR+SWIR1)

(NIR-SWIR2)/(NIR+SWIR2)

Amplitude min to max

(SWIR1-SWIR2)/(SWIR1+SWIR2)

Amplitude Q1to Q3

Amplitude Q2 to max

Spectral variability index

Tasseled Cap Greenness

Ranking of 16-day observation time-series by the value of corresponding variable

Spectral data Corresponding Summary statistics
Blue variable Minimum
Green Maximum
Red (z:g_gjglg(zmﬁﬁegtwm Average between min and Q1
NIR ( — J/(NIR+ ) Average between Q3 and max

Brightness temperature - -

SWIR1 Amplitude min to max
SWIR2 Amplitude Q1to Q3

NDVI-based phenology metrics

Vegetation index

Phenology metrics

(NIR-Red)/(NIR+Red) | Start of season value

Start of season amplitude

End of season value

End of season amplitude

Start of season slope

Growing season average

End of season slope

Growing season total

Q1-Q3 interquartile average

Amplitude min/max

Corresponding max NDVI

Max indices (r/NIR, g/r, NIR/SWIR2)




Phenological Metrics

The metric generation code requires a parameter file (see User B metrics_pheno_C.txt - Notepad

Manual, section 5.6). Make sure that: File Edit Format View Help

e The list of tiles (tiles.txt) is within the same folder as the mettype=pheno_C
paranneterfﬂe. tilelist=tiles.txt

year=2018
input=D: /ARD
output=D: /ARD/Metrics pheno C 2818

e The Input folder exists.
e The disk has enough space for the metrics (~5.8GB per tile).

e Use “threads=1" unless running a powerful computer. threads=1
* The “gapfill” parameter indicate the number of years used gapfill=3
for gap-filling (default 4). If gapfill=0, the gap filling algorithm
is disabled.
Ln 1, Col 1 100%  Unix (LF) UTF-8

Open CMD in the folder with parameter file. Run the following command to build metrics:
perl C:/GLAD_1.1/build_metrics.pl metrics_pheno_C.txt




Image Composites

The annual phenological metrics provides several options for
data visualization. To create each image composite, use a
separate parameter file.

Example: parameter file for interquartile average composite in
pseudo-natural band combination (SWIR-NIR-Red).

The “bands” parameter may contain several metrics, comma-
separated. Check and correct the path to OSGeo4w.bat file (it
depends on your QGIS installation).

Metric names provided in XLS files in
C:\GLAD_1.1\Documentation, e.g. Metrics_change_C.xIsx

.l mosaic_av2375.bxt - Notepad

File Edit Format Yiew Help
hource=D:fﬂRDfHetPitS_phEhD_[_EBlS
list=tiles.txt

year=2018

outname=av2575 20818

bands=swirl av2575, nir_av2575, red av2575
ogr=C: /Program Files/QGIS 3.16/05Geodw.bat

Ln1, Col 1 100%  Unix (LF) UTF-8

Open CMD in the folder with the parameter file. Run the following command to make image mosaic:
perl C:/GLAD_1.1/mosaic_tiles.pl mosaic_av2575.txt




Image Composites

Average for

Average for
observations with

observations with Total absolute

NDVI between Q3 BT between Q3 reflectance
and max and max change
2018 Normalized surface reflectance R—NIR G-SWIR1 B — SWIR2




Image Composites

Google Earth Image High NDVI 2018 composite Low NDVI 2018 composite

swirl_av75max_RN swirl _avmin25_ RN
nir_av75max_RN nir_avmin25_ RN
red_av75max_RN red_avmin25 RN




Image Composites

High NDVI 2018 composite Low NDVI 2018 composite

swirl_av75max_RN swirl _avmin25_RN
nir_av/75max_RN nir_avmin25_RN
red_av75max_RN red_avmin25_RN




Image Composites

SVVI index, SWIR/NIR, and Green/NIR ratio composite SWIR-NIR-Red high NDVI composite

swirl_av75max_RN
nir_av75max_RN
red _av75max_RN




Land Cover Mapping

Decision tree (“Classification and regression trees” — CART; Breiman et al., 1984) is
hierarchical classifier that predicts class membership by recursively partitioning a data set
into more homogeneous subsets (“nodes”). This splitting procedure is followed until a
perfect tree (one in which every pixel is discriminated from pixels of other classes, if
possible) is created with all pure terminal nodes or until preset conditions are met for
terminating the tree’s growth.

Feature space and Decision tree
land-cover types

Forest
nodes

ASN




Land Cover Mapping

Training data for
the CART model
should be collected
with the emphasis
to the class
boundaries.

Large, uniform
training areas are
useless.




Land Cover Mapping

Bagging (bootstrap aggregation) - an ensemble learning method,
builds multiple decision trees by repeatedly resampling training
data with replacement, and voting the trees for a consensus
prediction. Bagging can dramatically reduce the variance of
unstable procedures like trees, leading to improved prediction.

10% sample | | Tree model
A 10% sample | | Tree model
: . Random
Entire . :
. - sampling with = [ 10% sample | | Tree model
training set | .
~ replacement
\$ 10% sample | | Tree model
10% sample | | Tree model

Median
probability




Land Cover Mapping

Analyst-driven supervised change classification is based on “active learning” method. Active
learning focuses on the interaction between the analyst (or some other information source)
and the classifier. The model returns to the analyst the classification outcome and helps to
highlight the most uncertain areas. After accurate labeling by the analyst, these areas are
added to the training set in order to reinforce the model. In this way, the model is optimized
on well-chosen difficult examples, maximizing its generalization capabilities.

oo Auxiliary data (Google Earth
RGB image Nt — imagery, expert knowledge,
composites » Collect training data . annual tree cover and

t reflectance profiles)

Multi-temporal

: — Iterate
spectral metrics, » Apply classifier
auxiliary metrics

Final product «pEvaluate results




Land Cover Mapping

Training data collected as a set
of polygonal shapefiles within
the AOI.

Each classification allows to map
only one target class. All other
land cover are considered as the
“background” class for the
classification.

A set of empty training files provided in
C:\GLAD_1.1\Examples\classification




Land Cover Mapping

Example of water (red) and background
(blue outline) classes training. The
background class may overlap the target
class polygons.

Drawing training polygons using Google Earth data in QGIS (using QMS plugin)




Land Cover Mapping

1. Make a separate folder with the following files:

tiles.txt (list of tiles)

classification_water.txt (classification parameter file, see below)
A shapefile for the target class (i.e. train_water.shp)

A shapefile for the background class (i.e. background.shp)
aoi_mask.tif (AOl mask) (*optional)

2. Edit training shapefiles

3. Prepare classification parameter file (see section 7.2. of the User
Manual).

4. Before running classification, save both training shapefiles,
project file, and close QGIS.

5. Open the CMD in the classification project folder and run the
following command:

perl C:/GLAD_1.1/classification.pl classification_water.txt

. l = | D:\Classification
File Home Share View
I &« v < Data (D:) » Classification v
~
Mame Date modified
Zi| aoi_mask.tif

| | background.cpg
u background.dbf
:-“: background.prj
= background.qml
| | background.gpj
| | background.shp
| | background.shx
L‘}{ classification_water.bct
[ tilesbct

| | train_water.cpg
ﬂ train_water.dbf

:n“: train_water.prj

31772021
3/11/2021 10:27 AM
3/17/2021 7:37 PM
3/17/2021 7:53 PM

3/17/2021 7:53 PM

o train_water.qml
| | train_water.shp

| | train_water.shx

€

16 items

2 Search C...
Type s
TIF File
CPG File
DBF File

OrthoEngine Proje...
QGIS Layer Settings
QP) File
SHP File
SHX File
TAT File
TAT File
CPGFile
DEBF File
OrthoEngine Proje...
QGIS Layer Settings
SHP File
SHX File

! *classification_water.txt - Motepad

File Edit Format View Help
mettype=pheno C

metrics=D: /ARD/Metrics_pheno_C_2818
dem=D: /ARD/DEM

year=2018
target_shp=train_water.shp

bkgr shp=background.shp
tilelist=tiles.txt
outname=res_water

mask=aoi_mask.tif

maxtrees=21

sampling=28

mindev=8.86801

threads=4

treethreads=21

ogr=C: /Program Files/QGIS 3.16/0SGeodw.bat

Ln2, Col 36 100%  Unix (LF)

UTF-2




Land Cover Mapping

Open QGIS and load the classification result (res_water.tif).
Use “single band pseudocolor” visualization type with a single value (1).
Set up layer transparency to mask out values below 50 (the likelihood threshold of the target class).

Mask of the target class (transparency 0-49) Mask of the background class (transparency 50-100)




Land Cover Mapping

If separate classifications were used to create a set of land
cover classes, the Image Modeler tool (User Manual,
section 9.2) is employed to aggregate the output class
likelihood maps into a LC/LU map. The model (Ic_model.txt)
assign the final class following the class priority

To run the model, use the following CMD command:

perl C:/GLAD_1.1/raster_model.pl [c_model.txt Ic_2018.ti

The output map has the following classes (pixel values):
1. Forest

2. Cropland

3. Grassland/shrubland

4. Wetland

5. Settlements

6. Other land

.. lc_model.txt - Motepad

File Edit Format WYiew Help
[tNPUT

#1=a0i mask.tif
#2=res_water.tif
#3=res_settl.tif
#d=res_other.tif
#5=res_ forest.tif
#b=res_grass.tif

END

MODEL

if (%1==1){
if (%2>=50){%0=4;}
else if (%3>=50){%@
else if (%4>=50){%0
else if (%5>=50){%0
else if (%6>=50){%@
else {%B=2;}

ha

[

ha

Lt = O LA
ha
o el el

END

100% UTF-2

Ln1, Col1 Unix (LF)




Land Cover Mapping

The data is in geographic coordinates, and so the
pixel area depends on the latitude. The area
estimation tool is design to calculate area of a
LC/LU map using spherical trapezoid method for
pixel area calculation.

To calculate area of each class, use the following
command:

C:\GLAD_1.1\get_area.exe Ic_2018.ti

2. Cropland
3. Grassland/shrubland
4. Water/wetland

6. Other land
Yy N




Change Detection Metrics

Indonesia: Band 5 difference 2000 — maximum for 2000-2005




Change Detection Metrics

Source 16-day time-series C
and time-series P data

YYYY_B_T_S_C.tif

Where:

YYYY — corresponding year

B — spectral band or index

T —time-series from which the statistics were extracted. “c” represent the
current year (time-series C), “p“ stands for the preceding year (time-series P)
and “dif” stands for a time-series of per-16-day interval differences between
(time-series D). Regression and standard deviation metrics, which are
calculated from the entire time-series, does not have this name section.

S — statistic

C — corresponding band or index used for ranking (only for metrics extracted
from ranks defined by a corresponding value)
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Corresponding NDVI ranks

Minimum (MIN)
Maximum (MAX)
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Individual band ranks

Minimum (MIN)
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Second highest (SH)
Q2

Average [MIN .. MAX]
Average [SL.. SH]

Corresponding Thermal
band ranks

Minimum (MIN)
Maximum (MAX)
Second lowest (SL)
Second highest (SH)
Q2

Metrics based on time series P and C

Standard deviation (SD)
Slope of linear regression (REG)
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Metrics based on per-16-day interval differences

Minimum (MIN)
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Red/NIR* (NDVI)

SWIR1/NIR*

SWIR1/SWIR2*

>

Second lowest (SL)
Second highest (SH)
Average [MIN .. MAX]
Average [SL.. SH]




R —SWIR1 (2017 annual average)
G — NIR (2017 annual average)

B —Red (2017 annual average)  pu——




R —SWIR1 (2018 annual average)
G — NIR (2018 annual average)

B —Red (2018 annual average)  pu——




R —SWIR1 (2018 annual average)
G — SWIR1 (2017 annual average)

B —SWIR1 (2017 annual average) pu w ¢




R — SWIR2 (maximal per-16-day difference)
G — NIR/SWIR2 (average per-16-day difference)

B — NIR/SWIR2 (average per-16-day difference) D




Change Detection Metrics
NDVI temporal profiles extracted from the 2010-2018 GLAD ARD 5015 T T
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red: maximum per-16-day-interval SWIR2 band difference
green and blue: average per-16-day-interval NIR/SWIR2 normalized ratio




Change Detection Metrics

red: maximum SWIR2 band difference
green and blue: average NIR/SWIR2 normalized ratio difference

Xingu River, Brazil (MT) Amazon Basin Forests, Brazil (MT)

Wind damage

Fire
damage

Selective
logging

2 km 2 km




Change Classification

Training data collected as a set
of polygonal shapefiles within
the AOI.

Change areas considered as a
“target” class. All other land
cover are considered as the
“background” class for the
classification.




Change Classification

Training data collected as a set of polygonal shapefiles within the AOI.
Change areas considered as a “target” class. All other land cover are considered as the
“background” class for the classification.

Image composite Target training Background training (overlaid
with target training)




		

Image composite

		

Target training

		

Background training (overlaid with target training)
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Integrating Mapping and Statistical Sampling

—— [ - a

Direct area
extraction from
the national or

global maps
Satellite-based maps provides spatially consistent, wall-to-wall
data...
However:

e All maps derived from remotely sensed data contain errors
due to data limitation, classification/change detection
algorithm limitation, analyst errors and bias, etc.

e Errors usually introduce bias in area estimations. The map
errors may be spatially biased.

e The uncertainty of classification may not be estimated from
the map alone.




Integrating Mapping and Statistical Sampling

—<>

Direct area
extraction from
the national or

global maps
Satellite-based maps provides spatially consistent, wall-to-wall
data...
However:

All maps derived from remotely sensed data contain errors
due to data limitation, classification/change detection
algorithm limitation, analyst errors and bias, etc.

Errors usually introduce bias in area estimations. The map
errors may be spatially biased.

The uncertainty of classification may not be estimated from

the map alone.

Recommend “good practice” for area reporting

National (wall-to-wall) land cover mapping and monitoring
Usually implemented using free-of-charge remotely sensed data, or using
regionally consistent analysis ready data, such as RLCMS.

National mapping should be automated for sustainable annual application.

Stratified sampling design increases

sample analysis efficiency (low Sample reference data
uncertainty with fewer samples). used for map accuracy
assessment.

Sample analysis (national or sub-national)
Reference data collected from free-of-charge or commercial remotely sensed
imagery and using field measurements.
Allows estimation of the unbiased area of land cover classes and changes with
known uncertainties.
Additional thematic attribution is possible (i.e., change drivers).

Sample analysis that employs probability sampling
allows to estimate the unbiased area of land cover
classes and change; estimate area uncertainty; and
perform value-added thematic analysis based on
sample reference data (e.g. differentiate land cover
change by drivers).




Integrating Mapping and Statistical Sampling

Common probability sampling designs

1. Simple random

3. Stratified random

4. Cluster random
one-stage

Reference data obtained
for all pixels in the block
(cluster)

2. Systematic

3. Stratified
systematic

4. Cluster random
two-stage

Reference data obtained
for a sample of pixels in
the block (cluster)




Integrating Mapping and Statistical Sampling

Random sampling Stratified sampling

Estimating
deforestation in Legal
Brazilian Amazon
using different

sampling design MODIS strata

l low deforestation

medium deforestation

l high deforestation 1
e

o ,\ﬂv;
\K /
~al

Broich et al. (2009)




Integrating Mapping and Statistical Sampling

Random Systematic Stratified sampling Sample size needed to achieve precision of FRA 2010
(systematic one-degree grid design)
Simple
160,000 7 random 600 -
<~ 150,000 K sampling n =520 Precision:
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NEW_results
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				1		2		3		4		5		6		7		8		9		10		11		12		13		14

				X		X		X		SY		SY						X						X						X

		SRS		37,653		25,384		12,080		19,844		7,223						12,008						8,058						3,705





my_results

																		> 25% data area										all data area

				n		in brazil		"+/-"		n		in bla		"+/-"		n		in prodes		"+/-"		n		out prodes		"+/-"		n		in prodes		"+/-"		n		out prodes		"+/-"		out bla delta		"+/-"		out prodes delta		"+/-"		out prodes in bla delta		"+/-"

		PRODES														48												50		109,833		49,080																						the conservative erro calculation according to WESSEL of Hawaii

		Expert		53		128,629		13,682		51		113,118		12,909		48												50		86,615		35,639		50		39,077		15,083		15,511		18,811		42,014		38,175		26,503		37,905				75,051		-22,045

		MM		53		121,555		33,584		51		100,953		30,287		48												50		75,902		39,288		50		49,485		33,909		20,602		45,224		45,653		51,686		25,051		49,607				94,626		-44,524

		FAO Change in extent of forest and other wooded land 1990-2005				155,150

		FAO Change in extent of primary forest 1990-2005				173,300								PRODES				108,637												108,637

		Matt MODIS-PRODES																																														21,943

		STEVE deforestation (from PPT)				129,793																						uncertainty in differences

		Steve forest (from PPT)				3,311,055

																		too few blocks in 1a and 1b to get a good SE

																		in 1b no regression estimator was possible b/c small n

																		b/c too few blocks for a reg estimator

																		mm is the usual ~10,000 less   a direct comparison between pordes and the expert or MM is not useful b/c of the differences

		Matt's MODIS number fro the MODIS/ PRODES comparison:

		fraction cleared in Mask B (<36% times overlap of official PRODES 2001-2005 with MODIS) (110,832 km^2)

				fraction secondary clearing times official PRODES 2001-2005 (110,832 km^2)

		21.943																																																Brazil		BLA		inside Prodes		ouside Prodes				Brazil		BLA		inside Prodes		ouside Prodes

		km^2 (savanna not considered  b/c outside of the biome).																																														Expert		128,629		113,118		86,615		39,077		"+/-"		13,682		12,909		35,639		15,083

		is only ~ 3,000 km^2 off from my estimate.																																														MM		121,555		100,953		75,902		49,485		"+/-"		33,584		30,287		39,288		33,909

																																																Prodes						109,833				"+/-"						49,080

																																																						7		7		2		5				11		9				11		9		11

																																																		128,629		121,555				86,615		109,833		46,110		49,485

																																																		13,682		33,584				38,008		49,080		15,083		33,909

																																																		155,150		129,084		108637		109000		109000		110,431				95,774		107,531				95,774		107,531

																																																				13,682				19,729		12,535		10,672				18,032		8,382				23398.486176767		11768.2893815337

																																																								18		12		10

																																																																18,032		8,382

																																																								% var of str1b		% var of str1b		% var of str1b

																																																								95		97		98

																																																				hansen

																																																		def		130,016

																																																		uncert		14,537

																																																				10.5992996808





my_results

				13682		13682

				12909		12909

				35639		35639

				15083		15083



expert

Estimated deforestation [km2]



FAO

		Change in extent of forest and other wooded land 1990-2005

		Country/area		Forest														Other wooded land

				Area						Annual change rate								Area

				1990		2000		2005		1990-2000				2000-2005				1990		2000		2005

				1000 ha		1000 ha		1000 ha		1000 ha/yr		%		1000 ha/yr		%		1000 ha		1000 ha		1000 ha

		Brazil		520,027		493,213		477,698		-2,681		-0.5		-3,103		-0.6		-		-		-

						4,932,130		km^2						155,150		km^2 in 5 years

														3.15		def / forestin %

		Change in extent of primary forest 1990-2005

		Country/area		Area of primary forest						% of total forest area						Annual change rate

				1990		2000		2005		1990		2000		2005		1990-2000		2000-2005

				1000 ha		1000 ha		1000 ha		%		%		%		ha/yr		ha/yr

		Brazil		460,513		433,220		415,890		88.6		87.8		87.1		-2,729,300		-3,466,000

						4,332,200		km^2										173,300		km^2 in 5 years

																		4.00		def / forestin %





Sheet3

		








Chart1

		1		129084		1		1		1		1		13682		13682		1		1		1		1

				7										NaN		NaN



expert

Estimated deforestation (km2)

1

1

1

108637



Chart2

		3		7		11



Sample size

520

325

55



NEW_results

		95% CI		SRS		strat		syst

				37,653		12,008

				25,384		8,058		19,844

				12,080		3,705		7,223

		Total def:		108,637

				1		2		3		4		5		6		7		8		9		10		11		12		13		14

				X		X		X		SY		SY						X						X						X

		SRS		37,653		25,384		12,080		19,844		7,223						12,008						8,058						3,705

				1		2		3		4		5		6		7		8		9		10		11		12		13		14

								x								x								x

								520								325								55





my_results

																		> 25% data area										all data area

				n		in brazil		"+/-"		n		in bla		"+/-"		n		in prodes		"+/-"		n		out prodes		"+/-"		n		in prodes		"+/-"		n		out prodes		"+/-"		out bla delta		"+/-"		out prodes delta		"+/-"		out prodes in bla delta		"+/-"

		PRODES														48												50		109,833		49,080																						the conservative erro calculation according to WESSEL of Hawaii

		Expert		53		128,629		13,682		51		113,118		12,909		48												50		86,615		35,639		50		39,077		15,083		15,511		18,811		42,014		38,175		26,503		37,905				75,051		-22,045

		MM		53		121,555		33,584		51		100,953		30,287		48												50		75,902		39,288		50		49,485		33,909		20,602		45,224		45,653		51,686		25,051		49,607				94,626		-44,524

		FAO Change in extent of forest and other wooded land 1990-2005				155,150

		FAO Change in extent of primary forest 1990-2005				173,300								PRODES				108,637												108,637

		Matt MODIS-PRODES																																														21,943

		STEVE deforestation (from PPT)				129,793																						uncertainty in differences

		Steve forest (from PPT)				3,311,055

																		too few blocks in 1a and 1b to get a good SE

																		in 1b no regression estimator was possible b/c small n

																		b/c too few blocks for a reg estimator

																		mm is the usual ~10,000 less   a direct comparison between pordes and the expert or MM is not useful b/c of the differences

		Matt's MODIS number fro the MODIS/ PRODES comparison:

		fraction cleared in Mask B (<36% times overlap of official PRODES 2001-2005 with MODIS) (110,832 km^2)

				fraction secondary clearing times official PRODES 2001-2005 (110,832 km^2)

		21.943																																																Brazil		BLA		inside Prodes		ouside Prodes				Brazil		BLA		inside Prodes		ouside Prodes

		km^2 (savanna not considered  b/c outside of the biome).																																														Expert		128,629		113,118		86,615		39,077		"+/-"		13,682		12,909		35,639		15,083

		is only ~ 3,000 km^2 off from my estimate.																																														MM		121,555		100,953		75,902		49,485		"+/-"		33,584		30,287		39,288		33,909

																																																Prodes						109,833				"+/-"						49,080

																																																						7		7		2		5				11		9				11		9		11

																																																		128,629		121,555				86,615		109,833		46,110		49,485

																																																		13,682		33,584				38,008		49,080		15,083		33,909

																																																		155,150		129,084		108637		109000		109000		110,431				95,774		107,531				95,774		107,531

																																																				13,682				19,729		12,535		10,672				18,032		8,382				23398.486176767		11768.2893815337

																																																								18		12		10

																																																																18,032		8,382

																																																								% var of str1b		% var of str1b		% var of str1b

																																																								95		97		98

																																																				hansen

																																																		def		130,016

																																																		uncert		14,537

																																																				10.5992996808





my_results

				13682		13682

				12909		12909

				35639		35639

				15083		15083



expert

Estimated deforestation [km2]



FAO

		Change in extent of forest and other wooded land 1990-2005

		Country/area		Forest														Other wooded land

				Area						Annual change rate								Area

				1990		2000		2005		1990-2000				2000-2005				1990		2000		2005

				1000 ha		1000 ha		1000 ha		1000 ha/yr		%		1000 ha/yr		%		1000 ha		1000 ha		1000 ha

		Brazil		520,027		493,213		477,698		-2,681		-0.5		-3,103		-0.6		-		-		-

						4,932,130		km^2						155,150		km^2 in 5 years

														3.15		def / forestin %

		Change in extent of primary forest 1990-2005

		Country/area		Area of primary forest						% of total forest area						Annual change rate

				1990		2000		2005		1990		2000		2005		1990-2000		2000-2005

				1000 ha		1000 ha		1000 ha		%		%		%		ha/yr		ha/yr

		Brazil		460,513		433,220		415,890		88.6		87.8		87.1		-2,729,300		-3,466,000

						4,332,200		km^2										173,300		km^2 in 5 years

																		4.00		def / forestin %





Sheet3

		








Integrating Mapping and Statistical Sampling

Stehman (2009)




National Forest and TOF Monitoring in Bangladesh

156 million people

1.5 million ha forests
Forested land per
capita 0.009 ha/person

Spatially, and
temporally
consistent
Landsat ARD
data




National Forest and TOF Monitoring in Bangladesh

Stratified sampling design

» Stable tree cover/no trees (1,000 samples)
e Gross tree cover loss (1,500 samples)

e Gross tree cover gain (1,500 samples)

Tree
cover
loss

Tree
cover
gain




National Forest and TOF Monitoring in Bangladesh

National sample-based tree canopy cover and change estimates for Bangladesh

National tree cover

dynamics, 2000-2014 Comparison with FAO FRA report

mloss mRotation mGain
300

200

100

Gross tree canopy cover change, ha*1000

-100

Forests Mangroves Trees outside
forests




Using GLAD ARD for Sample Analysis

Sampling block example

=& SWIR
& NDVI
& NDWI




Using GLAD ARD for Sample Analysis

Sample ARD
time-series

2013
high-resolution data




Value-added Sample Analysis: Deforestation of the Brazilian Amazon

Sampling design: 10,000 random samples




Value-added Sample Analysis: Deforestation of the Brazilian Amazon

Proximate causes of forest loss in Brazil

Cropland conversion

Selective logging

Construction




Value-added Sample Analysis: Deforestation of the Brazilian Amazon

Annual tree cover loss in BLA by pre-disturbance forest type and disturbance cause group




Value-added Sample Analysis: Deforestation of the Brazilian Amazon

Annual tree cover loss in BLA by pre-disturbance forest type and disturbance cause group




Sample Analysis Using GLAD Tools

Source wall-to-wall map (i.e., global forest change data) * Make the list of tiles and specify the data analysis extent.
and vector API * Rasterize vector data in 0SGeo4W

gdal_rasterize -te 37 56 39 57 -tr 0.00025 0.00025 -ot Byte -of GTiff -co
COMPRESS=LZW -co BIGTIFF=IF_SAFER -burn 1 mosobl_north.shp region.tif

 Use Image Modeler tool to create strata (1 — no forest loss,
2 — forest loss).

() *Untitled Project — QGIS — O x
Project Edit Miew Layer Settings Plugins  Vector Raster Database Web Mesh Progessin g Help
§ A " a
.Z@8 O2HC @ i - & - @ - B
Layers (]
« @Y F = gw
-:- strata
| ]
1
H:
¥ region
Mo
1
E] maosobl_narth
™ forest loss date

0
B

2

oo g

10
1l
12
13
14
15
16

M 7
Type to locate (Ctrl+K)

“oordinate| 37.473,57.052 |9 icale| 1:333636 |~ | @ Jagnifier| 100% +| totator |0.0° 3| [V|Render @ ErsGiezzs @




Sample Analysis Using GLAD Tools

1. Calculate strata area 3. Generate KML outlines for samples

C:\GLAD_1.1\get_area.exe strata.tif perl C:/GLAD_1.1/samples_kml.pl sample_coordinates.txt

| *area_report.txt - Notepad - O *
File Edit Format View Help

i area,m2 kount,pixels

a 7893168978.0 18424855

1 5594431289.8 138467468

2 227272774.8 5292a5

Ln1, Col 12 100%  Windows (CRLF) UTF-8

2. Generate samples using GLAD Tools

4. Extract sample data

perl C:/GLAD 1.1/samples_generate.pl generate_samples.txt

perl C:/GLAD_1.1/samples_data.pl extract_sample_data.txt

| *generate_samples.txt - Notepad — O >

Eile Edit Format Wiew Help o

strata=strata.tif | extract_sample_data.txt - Notepad - O

R=C:/R-4.8.3/bin/Rscript.exe Bile Edit Format View Help

First=] frile list=tiles.txt
sample_list=sample_coordinates.txt

SAMPLING start_year=2000

1 13846748 188 end_year=2019

2 529205 hee ARD=D: /ARD

END threads=20
ogr=C: /Program Files/QGIS 3.14/05Geodw.bat
R=C:/R-4.8.3/bin/Rscript.exe

Ln 6, Col 11 100%  Unix (LF) UTF-8 Ln1, Col 1 100%  Windows (CRLF) UTF-8
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Sample Analysis Using GLAD Tools

Sample interpretation
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e Forest loss presence.
e Year of forest loss.
* Proximate cause of forest loss.
A C D E F G
|10 X Y Type Year Cause
1 37.39513 56.07088 ML
2 3B8.07588 56.41488 L 2012 gas infarstructure
3 37.54688 56.11163 L 2009 Iogging
4 37.31788 56.75288 L 2010 Iogging
5 37.75188 56.23363 NL
6 37.43438 56.43538 NL
7 3B8.21763 56.27963 NL
3 37.86763 56.28588 ML
9 38.34713 56.71038 L 2010 fire
10 38.34863  56.38333 NL
11 38.35413 56.08203 L 2011 fire
12 38.31363 56.37638 NL
13 37.32113 56.10063 L 2002 Iogging
14 37.31163 56.20963 NL
15 37.75763 56.25213 NL
16 37.52738 506.43713 NL
17 37.60713 56.68613 NL
18 37.61838 56.70013 L 2005 Iogging
19 37.99788 56.77013 L 2008 Iogging




Total forest loss area by interval
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Sample Analysis Using GLAD Tools

Sample estimation output examples

2001-2005  2006-2010  2011-2015  2016-2019

Proximate causes of forest loss




Integrating Mapping and Statistical Sampling

Monitoring Tools Reporting

National Maps

F f-ch National Annual national land
ree-of-charge ,
Satellite Datag Mapping and cover (LC/LU type)
itori maps .
Monitoring P Web services
Vegetation
Structure
Data National
Commercial Quantity and Ogeraf:mnal
Satellite Data Sample uncertainty estimation ervices
Analysis following good |
practice guidance. National and
Field Data international
Collection reports




@ Creating multi-temporal metrics for
selected years.

®

Application of phenological
metrics time-series

. o
(Mekong Delta, Vietnam) o
| -
)
>
o)
(@)
© - Water
: ¢
@ ARD Data download. «© rops
- Trees
B suild-up
103E_12N [ 104E_12N | 105E_12N | 106E_12N | 107E_12N | 108E_12N | 109E_12N D Other
@ Expert-driven supervised image
103E_11N | 104E_11N | 105E_11N | 106E_11N | 107E_11N | 10BE_11N | 109E_11N classification. @ Application of the same
classification model in time to
103E_10N | 104E. /10N | 105E_10N | 106E_10N~-107E_ 10N | 108E_10N prOduce a tlme_serles Ofland 2000
cover maps. 2005
2010
103E_09N | 104E_08N | 105E_09N | 106E 09N
2019
104E_08N | 105E_08N | 106E_08N

A set of maps for
each land cover
class.




Sample Analysis Tools

Unbiased area with known uncertainty

hax106 1988 2009
Forest area (map) 20.6 18.0
Forest area (samples) 20.2 17.5
95% confidence interval 1.5 1.6

Map accuracy

Overall User's Producer's

Accuracy |Accuracy [Accuracy
Forest 1988 90.4 94.5 94.6
Forest 2019 91.6 94.3 94.7
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