


Figure 13. Mosaic of Moderate-Resolution Landsat 7 Images

Source: Image courtesy of U.S. Geological Survey Global Visualization Viewer (GLOVIS).

2.4 An Overview of Current and Near-Term Earth-Observing Technology

There are many earth-observing satellites (EOS) currently in orbit, both active and passive,
including approximately 110 nonmilitary satellites (UCS 2009). There are about 75 distinct sensor
types focused on observing the earth’s surface with coarse or higher (<1.5 km) spatial resolution,
and these are the subject of this section.

Between 2009 and 2015, we expect approximately 87 additional surface-focused EOS to be
launched, many of them bearing new types of sensors. The majority of EOS are not commercially
owned, but many national agencies sell their imagery at commercially competitive prices. The
Appendix summarizes the characteristics of current and expected earth-observing sensors. We
divide the sensors into five categories: high-resolution passive sensors (<6 m), moderate-resolution
passive sensors (6-150 m), coarse-resolution optical sensors (>150 m), active sensors, and future
(2009-2015) satellite sensors. We discuss other miscellaneous EOS and notable airborne sensors
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only briefly. When an individual sensor spans categories depending on its mode or band, we place it
in the more dominant category for that sensor. We gathered all of the data and specifications on
satellites from the sources noted in the Appendix and publicly available websites.

2.4.1 Current Sensor Technology

Multispectral passive satellites make up the vast majority of EOS and have been increasing in
spatial resolution, spectral resolution, and return frequency in recent years. Spatial resolution has
increased in moderate spatial resolution satellites, but the advent of high-spatial resolution,
pointable commercial satellites has changed the cost and availability of high-resolution imagery.
These increases in spatial resolution have often come at the cost of image swath (see Figure 6) but
technology is improving overall, as illustrated by the wide swath but moderate resolution of the
DMC constellation. There are a few hyperspectral satellites currently in operation (e.g., the U.S.
Moderate Resolution Imaging Spectroradiometer (MODIS), the Hyperion instrument on the U.S.
Earth Observing Mission-1, and the Compact High Resolution Imaging Spectrometer (CHRIS) on the
European Space Agency’s Project for Onboard Autonomy (PROBA) spacecraft), but in general most
satellites measure between one and 12 bands (Appendix). Several notable coarse-resolution
satellite constellations have been in operation for decades, including AVHRR and GOES, the U.S.-
launched Geostationary Operational Environmental Satellites. The recent launching of more
moderate- to high-resolution constellations, such as MODIS, the DMC series, and the RapidEye
series, is dramatically changing return times for forest measurement (Appendix). Whereas Landsat
images once every 16 days, and cloud-free images in some areas only occur once a year (Olander et
al. 2008; Asner 2001), the DMC constellation has daily imaging capability (see the Appendix).

Recent and upcoming SAR sensor launches will increase the number of active sensors in orbit.
Modern SAR satellites have higher and more flexible spatial resolution, greater image swath
flexibility, and more polarization modes than previous satellites (see the Appendix). Japan'’s
Advanced Land Observing Satellite (ALOS), which includes an L-band sensor with four polarization
modes, has been used for global forest cover mapping since its launch in 2007 (Olander et al. 2008).
There is only one functioning land-observing LIDAR satellite. The biggest barrier to widespread
usage of active sensors remains the technical difficulty of processing SAR data, but the cost of SAR
data, although equal to some optical sensors, is also a barrier to global mapping (Patenaude et al.
2005).

From the standpoint of global forest measurement, the most significant recent advance in
remote sensing analysis is economic, not technological. As of early 2009, the U.S. Landsat archive
(1972-2009) became freely available, thus enabling global and temporal analysis on moderate-
resolution imagery (Olander et al. 2008). The regional Brazilian CBERS archive (1999-2009) of
imagery is also now free in most developing countries (GOFC-GOLD 2008; Powell et al. 2007).
Currently, these two free imagery series offer the highest resolution coverage per dollar, and they
have a good temporal record (Figure 6). In conjunction with other free MODIS and AVHRR data, it is
now possible to survey global forests daily with coarse-resolution images and create moderate-
resolution forest maps with monthly to annual frequency. The Landsat Data Continuity Mission
(and the upcoming Landsat 7 imagery mosaics, see below) will continue this free data policy and
make it possible to develop a long-term, global record of land use and land cover (Loveland et al.
2008).
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Coarse-Resolution Passive Sensors

Coarse-resolution passive sensors have a pixel size of 200-1,500 m, receive radiation in the
optical through thermal range, and have image swaths ranging from 360 km to the full earth disk
(Figure 6, Appendix). It would take between 14 and 40 AVHRR or 25-80 MODIS images to cover the
13.4 billion hectare (ha) global land area (estimates are inexact for coarse-resolution images that
include land and water; Table 3). Because coarse-resolution is useful for monitoring weather and
climate, many coarse-resolution sensors are parts of large constellations. For example, the AVHRR
sensor constellation included 12 satellites between 1978 and 2009, including several satellites
operating simultaneously (Jensen 2007). Although many coarse-resolution sensors only have a few
visible or near-infrared bands at resolutions too coarse to detect most land cover change, the very
high repeat times make these sensors ideal for monitoring phenology, fire, and other ephemeral
events. The advent of “moderate” coarse sensors (e.g.,, MODIS, MERIS, 250-300 m) has improved
global land cover mapping (Herold et al. 2008). A recently launched hyperspectral coarse-
resolution sensor mounted on the Indian Microsatellite (IMS HySI) has potential for land cover
mapping as well (Appendix).

Coarse-resolution sensors are mounted on both polar-orbiting satellites and geostationary
satellites. Although geostationary satellites image the entire earth disk in real time, current sensors
are ultracoarse (>1.5 km) in resolution and only the GOES series is described here as an example in
the Appendix. There are several long-term, similar geostationary satellites series supported by the
United States (GOES), Europe (Meteostat), Russia (Elektro), and China (FY-3 and -4).

Table 3. Costs of Imagery for Wall-to-Wall Sampling of the Global Land Area

Satellite Sensor Sensor Type (pixel Number of Images Price per km? (in Estimated Total
size) Required US$, 2009) Cost

MODIS Coarse-resolution 25-80 Free S0
(250-1000 m)

Landsat 7 ETM Moderate- 3921 Free, formerly S0, formerly
resolution (28.5 m) $0.02 in 2008 $2,683,700

GeoEye-1 High-resolution 580,787 $25 (for a basic $3,354,625,000
(1.65m) image of Europe)

ALOS PALSAR Coarsest-resolution | 1096 $0.0017 $230,075
mode (100 m)

Note: Created from Appendix 1 for selected sensors; the number of required images is an estimate based on the 134,184,000
km2 global land area (see text). Prices change; these estimates are for 2009. ALOS PALSAR would likely be degraded to 400 m
resolution for accuracy.

Moderate-Resolution Passive Sensors

Moderate-resolution (10-200 m pixel) passive sensors can receive optical through thermal
radiation and have image swaths ranging from 60-890 km (Figure 6, Appendix). [t would take
approximately 3,921 Landsat images to cover the global land area Table 3. There are currently five
major moderate-resolution satellite series: Landsat, the Satellite Pour L'Observation de la Terre
(SPOT), CBERS, the Indian Remote Sensing satellite (IRS), and the DMC series (Achard et al. 2007;
Powell et al. 2007). In addition, China, Argentina, Thailand, and Russia all support individual
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moderate-resolution satellites, but it is unclear whether China’s data are available to the public.
Additionally, there are several experimental moderate resolution satellites, most notably the
hyperspectral Hyperion and CHRIS sensors, and these have shown promise for hyperspectral
imaging as a means of distinguishing land covers (Ustin et al. 2004).

The Landsat series (satellites 1-7, 1972-present; Jensen 2007) is the workhorse for global land
cover analysis. Unfortunately, Landsat 5 is only transmitting data in regions with ground stations,
and Landsat 7 had a scan-line failure in 2003 that caused black stripes to appear in the sides of its
images. The United States Geologic Survey (USGS) is working to mosaic (that is, combine) Landsat 7
images to correct the scan-line problem, but the next Landsat is not due to be launched until 2012
(Loveland et al. 2008). A continual record of global land cover requires filling the 2003-2012
Landsat data gap.Tthere are several possible approaches. The Advanced Spaceborne Thermal
Emission and Reflection Radiometer (ASTER, launched in 1999) is a moderate-cost satellite that has
near-global coverage (Jensen 2007). SPOT (1-5, 1986-present; Jensen 2007) is a satellite series
with global coverage but data are relatively expensive to purchase (Figure 6). The China/Brazil
Earth Resource Satellite series (CBERS, three satellites, 1999-present; Jensen 2007) is a growing
constellation of satellites with free imagery, but the imagery is focused over Brazil, China, and most
recently, Africa. The Indian Resource Satellite series (IRS, seven satellites, 1988-present; Jensen
2007) is a large, long-running constellation with global image coverage available at some cost.
Finally, the DMC series is a constellation of satellites from different countries in the same orbit;
images from daily overflights are providing an important commercial backup to Landsat (GOFC-
GOLD 2008).

High-Resolution Passive Sensors

High-resolution (0.3-10 m pixel) passive sensors receive optical through near-infrared
radiation and have image swaths ranging from 11 to 70 km (Figure 6, Appendix). There have been a
number of commercial and national launches since the first high-resolution satellite, IKONOS,
launched in 1999, and these additions to the fleet of EOS have led to the formation of commercial
high-resolution constellations. These constellations include high-resolution instruments operated
by several U.S. companies, including GeoEye and DigitalGlobe. One of the challenges of using high-
resolution imagery for global forest mapping is that approximately 580,787 GeoEye-1 images are
required to cover the global land area (Table 3). Most of the high-resolution satellites have five
bands; four narrow bands in the visible and near-infrared, and one higher-resolution panchromatic
band that can have sub-meter resolution (for national security requirements, pan resolution is
actually degraded to 0.5 m on U.S. commercial satellites). There have been several recent launches
of solely panchromatic sensors with primary applications in defense and mapping. Most high-
resolution sensors are pointable, decreasing their effective return time from, for example, 26 days
to 3 days. This results in spotty global coverage, particularly for forests, as the coverage is often
concentrated in densely populated and less cloudy areas. The recent development of cheap
microsatellites that can be launched as a constellation (e.g., RapidEye) or as an on-demand sensor
(e.g., the U.K.’s microsatellite, TopSat) could dramatically increase the global coverage and return
time of high-resolution sensors (Kramer and Cracknell 2008).
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Active Sensors

Active sensors (SAR and LIDAR) currently make up a small proportion of land-observing
satellites; there are approximately nine SAR sensors and one LIDAR sensor in orbit (Appendix).
Active sensors have resolutions ranging from 1-1,000 m and image swaths ranging from 10-500
km; it would take approximately 1,096 ALOS images to cover the global land area. In the last
decade, SAR satellite technology has improved to four polarity options and variable resolution
(with smaller swaths at higher resolutions) in different imaging modes. Until 2006, all publicly
available SAR satellites carried C-band sensors (Jensen 2007) except for the L-band JERS-1 mission
that ran from 1992-1997, the short-lived Seasat (L-band) and Almaz (S-band) missions, and the
brief SRTM and SIR-A, SIR-B, and SIR-C/X shuttle missions. The Canadian Radarsat series has been
gathering C-band SAR imagery since 1995, and the Envisat ASAR has been gathering C-band as well
since 2002.The most recent satellite launches, ALOS (L-Band), TerraSAR-X (X-band), and COSMO-
SkyMed (X-band), have increased the diversity of SAR bands in orbit. ALOS provides global
coverage, TerraSAR-X is the first satellite in an interferometric constellation, and COSMO-SkyMed is
a microsatellite SAR constellation with a variety of modes. When evaluating the spatial resolution of
SAR satellites, given in the Appendix, it is important to remember that their effective resolution
after speckle averaging will be three to four times more coarse, approximately 50-100 m.

The first ground-measuring LIDAR altimeter, ICESat, was launched in 2004 and a follow-on is
planned. While the swaths ICESat measures do not cover the entire land surface, the instrument has
provided useful information for modeling ice, elevation, and forest structure (NASA 2009a).

2.4.2 Expected Sensor Technology, 2009-2015

Future satellite launches will fill current data gaps, provide follow-on missions, populate
constellations, and provide new functionality. The diversity of countries with satellites in orbit will
increase with new satellites from Spain, Turkey, Taiwan, the United Arab Emirates (UAE), Sweden,
Ukraine, Malaysia, and Nigeria. The majority of launches will come from China, the United States,
countries in the European Union, Argentina, and India, with notable smaller contributions from
Brazil, Russia, Canada, and Japan (Appendix).

Among follow-on missions, the LDCM, CBERS-3, and the ultrahigh-resolution GeoEye-2 merit
mention for their advanced technology. Both national and commercial high-resolution optical
missions will continue to increase in number as microsatellite technology lowers the costs of
production (CEOS 2009; Olander et al. 2008; Kramer 2008). Several new SAR constellations are
planned (TerraSAR, Sentinel 1, Radarsat, ALOS, and SAOCOM-1 series). The Sentinel-2 series, a
moderate-resolution optical constellation, is also planned. There will be several new moderate-
resolution hyperspectral sensors (EnMap, HyspIRI, TES-HYS, SAC-F, and PRISMA). Most notably, of
the 87 or so land-observing missions planned between 2009 and late 2015, 25 will mount SAR
sensors, two will mount LIDAR, and one will mount both—a dramatic increase in the number and
diversity of functioning active sensors.

Overall, it is likely that spatial resolution, return times, and SAR capabilities will improve over
the 2009-2015 period, with significant new hyperspectral, InSAR, and LIDAR functionality. Despite
the unpredictable nature of government data policies and imagery prices, as well as uncertainties

£ RFF | FAGAN AND DEFRIES 28



relating to launch schedules and success, the next six years will likely bring a significant expansion
in the capacity of remote sensing to monitor the earth’s surface.

Expected Coarse-Resolution Passive Sensors

Approximately 27 coarse-resolution sensors are planned for launch between 2009 and 2015,
but it is unclear if data will be publicly available from nine sensors to be launched by China. Most
launches will continue constellations (e.g., GOES, FY-3), with the AVHRR sensor continuing on
MetOp-A and MetOp-B. The United States plans to launch a new satellite series, NPOESS, as a
replacement to the MODIS and AVHRR satellites, but NPOESS has lower maximum resolution than
MODIS and may be more suitable as an AVHRR follow-up (Townshend and Justice 2002). Two
sensors that may be more suitable successors to MODIS are the GCOM-C1 (with 11 bands at 250-m
resolution) and the Sentinel-3 series (with 21 bands at 300-m resolution). Most experts agree that
it will be difficult to match the combination of resolution, revisit time, and free imagery that MODIS
currently offers for global land cover analysis.

In addition to GCOM-C1 and the Sentinel-3 series, there will be a few technical improvements in
coarse-resolution sensors. GISAT will mount a coarse sensor, a moderate sensor, and a coarse-
resolution hyperspectral sensor. SAC-D will be a coarse-resolution thermal infrared sensor to
measure the temperature and energy release of fires. Most significantly, real-time monitoring of
vegetation and productivity will become possible after 2014, with the launch of visible and near-
infrared (VNIR) geostationary sensors with a resolution of 1 km. These sensors, starting with GOES-
R, offer a significant improvement over current technology.

Expected Moderate-Resolution Passive Sensors

At least fifteen satellites bearing moderate-resolution sensors are planned for launch. These are
Nigeria-Sat-2, Amazonia-1, RASAT, SAC-F, ARGO, CBERS-3, CBERS-4, Kanopus-V, Resourcesat-2,
Resourcesat-3, LDCM (Landsat 8), GISAT, HysplIRI, Sentinel-2A, and Sentinal-2B. The multispectral
ARGO, LCDM, Resourcesat-2, GISAT, and Sentinel-2 sensors are expected to collect global data.
Several hyperspectral moderate-resolution sensors are under development. Of the six planned
hyperspectral sensors (EnMap, HyspIRI, TES-HYS, GISAT, PRISMA, and SAC-F), only HyspIRI has a
swath size suited to frequent global coverage. If launching agencies support global data collection,
this increasing diversity will safeguard global coverage against the loss of a single satellite.
Resolution in the SPOT series has improved to the point where SPOT-5 and SPOT-6 are considered
wide-swath, high-resolution sensors. The LDCM will have nine bands and maintain continuity in a
critical imagery series, India’s Resourcesat-3 will have 23 m resolution and an extra-wide swath of
700 km, and the Sentinel-2 series will be an advance in sensor technology, with high-resolution (10
m), 13 bands, a wide swath (240 km), and three dedicated bands for atmospheric correction. If the
LDCM fails to launch or operate properly, an interruption in free access to global imagery is likely.

Expected High-Resolution Passive Sensors

Although it is difficult to anticipate commercial launches, the next several years will see an
increase in the number of “standard” (four-band VNIR, resolution 1-10 m) high-resolution sensors
(Appendix). Several countries have taken advantage of the lower cost of microsatellites to create
high-resolution sensors with technical assistance from aerospace companies (e.g., DubaiSat (UAE)
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and Malaysia’s RazakSat). Microsatellite technology has led to the high-resolution RapidEye
constellation of six satellites. The constellation will be completed by the addition of the satellite
ARGO in mid-2009. With high revisit times and a larger swath than many high-resolution satellites
(78 km), RapidEye has the potential to develop global coverage quickly (RapidEye 2009).

Some improvements in high-resolution sensor capabilities and lower data costs are expected.
WorldView-2 will have substantial spectral and spatial resolution with eight bands in the VNIR and
1.8 m resolution. VENUS will also offer high spectral and spatial resolution, with 12 bands in the
VNIR with a resolution of 5.3 m. Pleiades-1 and Pleiades-2 are extremely pointable (+/- 50°) and
will add flexible, high-resolution capacity to the SPOT series. SPOT-6 will also continue the SPOT
series, with a wide swath (60 km) and higher resolution (8 m, 2 m pan). GeoEye-2 will have the
highest spatial resolution (0.25 m) in the 2009-2015 interval. PRISMA will integrate a 2.5 m
resolution pan camera with hyperspectral imagery, and the Sentinel 2 series (discussed above) will
have high-resolution imagery (10 m) in the VNIR with a very wide swath. Finally, CBERS-3 and
CBERS-4 will combine high-resolution imagery with a moderate-resolution imager and a coarse-
resolution thermal imager.

Expected Active Sensors

SAR and LIDAR sensors will make up a third of new launches from 2009-2015, with an increase
in the diversity of SAR bands (C, X, S, L, and possibly P), functions (InSAR and dual InSAR/LIDAR),
and number of SAR constellations. The TerraSAR-X (X band) constellation will fly in interferometric
formation to produce a high-resolution digital elevation model for commercial purposes. The
resolution will be 1 m before speckle averaging. The COSMO-SkyMED constellation (X-band) will be
integrated with the planned SAOCOM-1 constellation (L-band) for twice-daily overflights in two
bands. The Radarsat Constellation (C-band) will continue the long-running Radarsat series of
imagery and decrease revisit time (eoPortal 2009). The Sentinel-1 constellation (C-band) will have
an interferometric mode and variable swath width. Finally, the launch of ALOS-2 will create a high
quality, L-band constellation.

There are several advances in active sensor technology planned for launch, including a variable
C/X-band sensor (DMSAR), interferometric sensors (InSAR, several satellites), a LIDAR follow-on
mission (GLAS), a high-resolution S-band sensor (HJ-1C), a LIDAR-InSAR integrated L-band sensor
(DESDynl), and potentially a P-band interferometric sensor (BIOMASS). Of these, DESDynl, GLAS,
and BIOMASS merit special mention for their potential to inform forest measurement and
monitoring. DESDynl would be the first integrated InSAR-LIDAR mission, and it would combine the
relative strengths of InSAR and LIDAR to create unparalleled measurement of ecosystem structure
and forest height. GLAS would continue global LIDAR measurement, thus increasing the accuracy of
global DEM estimates. BIOMASS is currently a sensor concept under consideration for launch in late
2015 or early 2016 and would consist of a P-band, interferometric SAR specifically designed to
measure forest biomass in real time.

2.4.3 A Cautionary Note on Planning and Satellite Technology

Although planned launches are good indicators of future possibilities for earth observation,
successful satellite launch and operation are never guaranteed. Satellite launches are usually
delayed by budgetary and construction exigencies. Satellites regularly fail to launch (examples

£ RFF | FAGAN AND DEFRIES 30



include the launch failures of Landsat 6, IKONOS-1, and the Orbital Carbon Observatory, in 1993,
1999, and 2009, respectively). Once in orbit and functioning, satellites have expected operating life
spans and often outlive these, but their actual operating lifespan is a matter of chance. An
instrument on Landsat 7 had a major problem four years after launch, while instruments on
Landsat 5 are still functioning 24 years after launch (Powell et al. 2007; Loveland et al. 2008).
Satellite-borne sensors can degrade and shift in quality over time, as well, and their image products
require regular calibration and validation. Processing and distributing the data generated by the
sensors are as important as having the satellite in space; many data are difficult to obtain or process
or are not made widely available. As a result, long-term, global forest monitoring plans cannot rely
on single satellites to carry out the bulk of data collection.
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Chapter 3. Technical Considerations in Global Forest Monitoring

The use of remote sensing to provide accurate, long-term global forest measurements requires
several technical and logistic choices. Agreement is required about what actually constitutes a
forest and which forest quantities to measure. The selection of satellite imagery and image analysis
methods must be guided by the forest measurements of interest and by basic principles of scientific
inquiry, such as accuracy, repeatability, and longevity. To detect changes, it is necessary to create
reference forest maps. A consistent survey method must be selected that balances analysis time,
coverage, and accuracy. Finally, the logistics of image processing, cost, and ground-truthing must be
considered (Sanchez-Azofeifa et al. 2009; Achard et al. 2007; Gibbs et al. 2007; Olander et al. 2008).

3.1 Measuring Forests Globally

Any global effort to monitor the world’s forests must begin with common definitions and
common measurements. Defining a forest is not as simple a task as it might seem, given the wide
variation in forest ecosystems from country to country and the dynamic nature of forest regrowth
after human disturbance. For example, at what tree density should an open ecosystem of short
trees and grass be classified as a forest? Is a clear-cut deforestation? Is an abandoned tree
plantation a forest?

To measure forests effectively, we must be able to compare ground measurements taken by
foresters and forest ecologists to those taken by remote sensing measurements. To do this, we must
be clear about which forest characteristics we are interested in measuring.

3.2 Defining Forests

The exact definition of forest versus nonforest has important consequences for the monitoring
of deforestation and forest degradation and political efforts to reduce carbon emissions. Currently,
only the FAO uses a single global standard definition of forest. In 2005, the FAO defined a forest as a
minimum cover of 10 percent, height of 5 m, and area of 0.5 m (FAO 2006). Under the Kyoto
Protocol, participating countries define forests within their borders by selecting one value of
minimum area, tree height, and canopy cover from the following range: 0.05-1 hectare (ha) area,
2-5 m minimum height at maturity, and minimum crown cover of 10-30 percent (UNFCC 2001).2

Deforestation is defined by the United Nations Framework Convention on Climate Change
(UNFCCC) as a semi-permanent conversion of forested land to other uses. This definition assumes
that regrowth will not occur quickly and excludes temporary declines in canopy cover due to
logging (UNFCC 2001). Remote sensing has difficulty distinguishing areas of deforestation from
intact forest when the intact forest definition includes a very low canopy cover threshold (e.g., 10
percent). The opposite is true for forest degradation, which is defined as a decrease in forest canopy
cover without deforestation; lower canopy cover thresholds increase the likelihood of detecting
degradation (e.g., a decrease from 90 percent to 10 percent cover).

The lack of a global standard definition for forest cover makes it difficult to create forest maps
that can be readily used by all countries, but the FAO standard may be a useful starting point.

2 An updated list of forest definitions by country can be found at http://cdm.unfccc.int/DNA/index.html.
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Ideally, global forest monitoring efforts will create maps that can be resampled by interested
countries to fit their forest definitions, such as a set of processed data known as the “vegetation
continuous fields product” from MODIS (Hansen et al. 2003).

3.1.2 Forest Measurement and the Forest Identity

Historically, forest measurement has been ground-based, as described in Chapter 1. Foresters
and forest ecologists have measured several forest quantities including these:

biodiversity—species richness and evenness in an area;
e canopy qualities—openness, leaf area index (LAI), leaf water content, and phenology);

e structural variables—tree density, basal area, tree height, and tree diameter at breast height
(DBH);

o forest-floor qualities—Ilitterfall, soil carbon content, and seedling density; and

e ecophysiological characteristics—transpiration rate, tree respiration, water stress, and
nitrogen flux.

An organizing principle, the Forest Identity (Kauppi et al. 2006), is a central theme in the
remainder of this report. The Identity relates four forest attributes (area, volume (density of
growing stock), biomass (the mass of living material), and sequestered carbon) and is summarized
in detail by Waggonner (2009). The Forest Identity attributes are related: forest area (ha) can be
converted into volume (cubic meters, or m3) using stem density (m3/ha); volume (m3) can be
converted to biomass (kilograms, or kg) using wood density (kg/m3); and biomass (kg) can be
converted to carbon (kg C) using carbon density (kg C/kg). As discussed earlier, any successful
global forest-monitoring project will have to integrate remote sensing and ground data. The
simplicity of the Forest Identity makes it straightforward to convert between ground
measurements and remote sensing (Table 4; Kauppi et al. 2006). The components of the Forest
Identity tie together four scientifically and economically important forest characteristics and
provide a useful starting point for global forest monitoring.

3.1.3 Comparing Forest Inventory and Remote Sensing Measurement

The same forest quantities (e.g., biomass) are estimated differently by ground forest inventory
and by remote sensing (Table 4). Forest inventory typically measures tree abundance, diameter,
crown width, species, and height (Song 2007; Chave et al. 2005). Although it is possible to measure
all of the quantities of the Forest Identity directly through destructive harvesting, foresters
generally use allometric equations to estimate volume, biomass, and carbon from tree diameter,
species-specific wood density, and/or height, and then extrapolate to the entire forest (Chave et al.
2005; Gibbs et al. 2007, see Table 4). Allometric equations have been developed for tropical forests
(Chave et al. 2004) and higher-latitude forests (Ter-Mikaelian and Korzukhin 1997) through
exhaustive measurement and selective harvesting and weighing of trees. Some allometric equations
estimate total forest biomass directly from tree diameter but given large species-to-species
variation in wood density, these equations can be markedly inaccurate (Baker et al. 2004; Chave et
al. 2005). There is significant variation between the biomass estimates of different allometric
equations and this variation can be a significant source of error in stand biomass estimates (Baker
et al. 2004; Chave et al. 2005). Scaling up from stand-level estimates of biomass to regional
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estimates often has low accuracy due to local variability in forest cover and density (Houghton et al.
2001; Houghton 2005).

In remote sensing, satellite measurements of forest area and structure are used to estimate
volume, biomass, or carbon (Table 4). These estimates can be supplemented by other measures of
forest leaf area, productivity, and flammability and incorporated into a forest model that can yield
improved estimates (van der Werf et al. 2006; Table 4). Satellite-derived forest metrics are taken
across an entire region making extrapolation unnecessary. Two important considerations
pertaining to remote sensing measurements of forests are the importance of correlation and the
necessity of accurate ground data for overall accuracy.

Table 4. How Forest Inventory and Remote Sensing Estimate the Forest Identity

Forest Identity Forest Inventory Remote Sensing
Area Measured locally, at one time, in Measured regionally and repeatedly,
one to a few forest types. distinguishing forest types and ages
(Optical, SAR).
Volume Estimated using diameter at breast Estimated from measures of forest
height, tree height. height/structure (SAR, LiDAR).
Biomass Estimated from volume and wood Estimated from area & forest
density measurements. Extrapolated | structure. Estimates are improved by
regionally measures of forest flammability,
productivity, leaf area, phenology, and
gas flux.
Carbon Estimated from biomass and carbon | Same as biomass. Estimates are site-
density measurements. Extrapolated | specific, across entire regions.
regionally.

Remote sensing measures reflected spectra; forest area and the horizontal and vertical
structure of forests can be measured directly from these reflected spectra. Fieldwork or higher
resolution imagery can be used to generate ground-truth data to assess the accuracy of these forest
area and structure measurements (Jensen 2007). Remote sensing enables estimates of the other
metrics in the Forest Identity (volume, biomass, and carbon) by:

e obtaining forest inventory measurements,
e correlating spectra with those measurements, and
e extrapolating from these correlations to the rest of the forest.

For example, existing field measurements of biomass are required to create forest-wide
predictions of biomass from satellite imagery; another independent set of field measurements is
required to assess the accuracy of these predictions.

Field estimates of volume, biomass, and carbon are derived from allometric equations. These
equations can be inaccurate or biased (e.g., by not including species-specific wood density; Baker et
al. 2004). Remote sensing can only be as accurate as its ground-truth data. It is possible for remote
sensing to accurately predict biased estimates of biomass from standard allometric equations that,
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for example, do not incorporate species-specific differences in wood density. Thus, it is difficult to
assess the reported accuracy of remote sensing predictions of forest volume, biomass, and carbon.
Because estimating the true value of targets is quite difficult, and only the correlations between
remote sensing and ground-based estimates are reported in the literature, we have chosen to
report the published accuracy of remote sensing estimates. Their accuracy is summarized here as
either correlation coefficients or the percentage of variance explained by regression equations.
Further refinements in ground-based measurement of forest biomass will lead to more accurate,
unbiased estimates of true values from both forest inventory and remote sensing.

3.2 Criteria for a Global Forest Monitoring Program

Several principles guide consideration in designing a forest monitoring program that aims to
measure the world’s forests on a regular basis. One principle is accuracy, discussed more fully
below. Any data generated by a forest monitoring program will have political and scientific
consequences and should meet or exceed standards of accuracy for remote sensing. Another
principle is repeatability, requiring consistency with earlier scientific efforts (e.g., forest
definitions), transparency with scientific methodology, and public availability of source data (e.g.,
imagery). The data and conclusions from a forest monitoring effort will be most useful to scientists,
politicians, and foresters if the data are verifiable, extendable, and relevant. A third principle is
longevity; reliable, long-term data on forests are rare and the creation of a remote sensing-based,
global record of forest change would be a significant scientific accomplishment (Grainger 2009).
This last guiding principle has significant consequences for program design.

Satellite failure is unpredictable, so designing a forest monitoring program that depends on the
successful launch or operation of a single satellite is risky. The best strategy for long-term
continuous monitoring is to use a standard spatial and spectral resolution collected by several
different satellite series launched continuously over decades. For example, the 30-m resolution, six-
band Landsat sensor data format has been collected for a few decades and it can be approximated
by several satellite series (e.g.,, SPOT, Avnir, and IRS) (Powell et al. 2007). The 1.1 km resolution,
multi-band AVHRR sensor data format is also supported long-term and can be approximated by a
number of satellite constellations, including SPOT, the geostationary constellations, and the Chinese
FY series (see the Appendix). The SAR C-band has been taken at 30 m resolution by several
different satellites over the last two decades, and C-band sensors are planned for new launches
(Appendix). All of these data formats would be good candidates for long-term data series on forest
characteristics, and if necessary they could be fused with other data to increase their utility (e.g.,
Hansen et al. 2008b).

These data formats currently have the advantage of being freely available, which facilitates
program financial longevity and increases transparency. Although several commercial satellite
series (SPOT, GeoEye) also have long-term, high-quality imagery archives, the rights to release
these images to the public are limited. The role of these data in a global monitoring program
requires funding and a means of allowing the data to be shared to maximize their usefulness.

3.3 Developing and Evaluating Reference Forest Maps

To detect change in forest characteristics of interest, baseline reference measurements are
required. Biomass estimates derived from remote sensing are rare for many regions and accurate
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historical reference maps of forest structure or biomass currently do not exist (Olander et al. 2008;
Gibbs et al. 2007; and, e.g., Baccini et al. 2008). By contrast, it is possible to develop moderate-
resolution reference maps of forest area dating to 1972 (Olander et al. 2008). For more detail on
this topic, see Chapter 4.

3.3.1 Accuracy in Forest Mapping

Accuracy considerations are paramount in detecting changes in the world’s forests (Grainger
2008; Gibbs et al. 2007). There can be errors of omission (not detecting or locally underestimating
forest quantities) and commission (false-positive detections or local overestimates of forest
quantities). We report here the greater of the two types of error when assessing prediction
accuracy. For forest area, accuracy is defined as the percentage of pixels in the remote sensing
imagery that are correctly identified with respect to land cover type, so the lowest overall accuracy
(mean omission or commission error across land cover classes) is used where possible. For forest
volume, biomass, and carbon, we report the match between predictions from remote imagery and
observed ground measurements (i.e., the percentage of variance in groundtruth data explained by
regression equations). In general, remote sensing estimates of forest area have high accuracy3 while
estimates of forest structure and biomass are less accurate (DeFries et al. 2007; Olander et al. 2007;
Rosenqvist et al. 2003).

3.3.2 Reference Maps for Carbon

Approximately 50 percent of vegetation biomass is carbon but there is great uncertainty in
estimates of global biomass stocks (see Section 4.4). The guidelines issued by the
Intergovernmental Panel on Climate Change (IPCC) describe three acceptable tiers of forest
measurement. Each tier is increasingly accurate and precise but also more complex and expensive
in the monitoring requirements (GOFC-GOLD 2008; see Table 5 for an overview). Conservative
principles of estimation can provide useful estimates of forest area and biomass for policymakers
(Achard et al. 2007; Grassi et al. 2008; GOFC-GOLD 2008). Conservative principles dictate that, “a
tier lower than required could be used-or a carbon pool could be ignored-if it can be demonstrated
that the overall estimate of reduced emissions are [sic] likely to be underestimated” (GOFC-GOLD
2008, 12). Where large levels of uncertainty exist in biomass estimates, discounting the estimated
forest carbon would be an appropriate conservative response. For example, if estimates of forest
carbon vary between 60 and 90 tons per hectare, 60 could be used as a default regional value (Tier
1) or could be further discounted to 40 mt/ha to account for uncertainty.

3.3.3 Forest Inventory and Reference Maps

Because forest inventory data can currently estimate local biomass more accurately than
remotely sensed data, reference maps for forest biomass and other quantities could be developed
from ground data by interpolating between measurement plots (Gibbs et al. 2007). This approach

®In this report, the overall accuracy of satellite imagery analysis is designated by five standard adjectives: very high accuracy
(>90 percent), high accuracy (>80 percent), acceptable accuracy (>70 percent), low accuracy (50-70 percent), and poor
accuracy (<50 percent). Where alternative qualifiers (e.g., “mixed”) are used, we provide the actual accuracy is provided (e.g.,
67 percent).
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has many advantages where forest inventory data exist and it can be readily integrated with
satellite data on forest area (Gibbs et al. 2007).

Table 5. IPCC Tier Description for Country-Level Carbon Reporting
Tiers for emissions factors: Change in C Stocks
1. IPCC default factors.
2. Country-specific data for key factors.

3. Detailed national inventory of key C stocks, repeated measurements of
key stocks through time or modeling.

Note: Tier 3 is the most detailed.
Source: GOFC-GOLD 2008.

Figure 14. Example Forest Type Map that Could Be Used for Stratification of Forest Inventory Plots
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Strict plot-to-plot interpolation across large areas is inaccurate as it ignores spatial variation in
forest types and ages (Houghton et al. 2001; Gibbs et al. 2007). Stratifying forest inventories across
a range of forest types and ages, and then interpolating only within the measured forest types and
ages, increases the accuracy of forest inventory reference maps (Gibbs et al. 2007; see Figure 14).
The stratification approach, although more accurate, requires regional maps of forest type and
forest age from remote-sensing analyses. Remote sensing provides estimates of forest area quite
well; however, distinguishing (or classifying) different forest types and ages has had variable
accuracy. Image fusions and new image analysis methods may increase the accuracy of forest
classifications. These methods are discussed further in Section 4.1.

3.4 Survey Methods for Determining Forest Area and Type

Three distinct strategies can be employed in using remote sensing to measure forests globally:
grid sampling, change-stratified random sampling, and wall-to-wall sampling (Olander et al. 2008;
Achard et al. 2007; DeFries et al. 2007). In grid sampling, moderate-resolution image “samples” are
analyzed at regular spacing across a large area (see Figure 15). Examples include the FAO’s 2010
Forest Resources Assessment which will sample the globe at one-degree intervals. The advantage of
grid sampling is that it gives representative estimates of land cover over large areas with relatively
little image processing. The main disadvantage is that the approach may undersample deforested
areas because such areas are not randomly distributed and are likely to be concentrated in just a
few areas (Achard et al. 2007). Area-stratified sampling is random sampling that is stratified by
forest type, forest characteristics, or land cover change. In change-stratified sampling, moderate-
resolution sampling is heaviest in areas that coarse-resolution imagery has indicated is changing
rapidly. An example is the NASA Land Cover and Land Use Change program at South Dakota State
University. The program uses frequent MODIS imagery to detect change and then stratifies Landsat
samples to make accurate estimates of land cover change (Hansen et al. 2008a; see Figure 16a).
MODIS cannot be used directly to estimate land cover change since most change occurs at subpixel
scales (Achard et al. 2007; Sanchez-Azofeifa et al. 2009). The advantages of change-stratified
random sampling are that it maximizes change detection for a given set of imaging processing
resources and yields unbiased measurements of forest change. This approach is less suited for
sampling characteristics of standing forests.

The third approach, wall-to-wall sampling, completely maps a region with imagery. Examples
include Brazil’'s PRODES program (see Figure 16b) and India’s biennial forest survey as well
ongoing efforts in the United States (NLCD), Europe (CORINE), Canada, New Zealand, Australia, and
South Africa (DeFries et al. 2007; Herold et al. 2007). Wall-to-wall sampling is ideal for detecting
land cover change and shifts in deforestation (often referred to as leakage) between countries, but
the method is logistically challenging in the need to acquire, process, and analyze the number of
images required to cover the global land area.
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Figure 15. Grid Sampling with Moderate-Resolution Images
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Note: Moderate-resolution samples are concentrated in areas of change (red) determined from coarser-resolution imagery.
Source: GOFC-GOLD 2008.
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Figure 16b. Example of Wall-to-Wall Sampling with Moderate-Resolution Imagery in Brazil

Note: Notice the difference in illumination and cloud cover between moderate-resolution images.
Source: GOFC-GOLD 2008.

3.5 Price and Logistics

The large quantities of imagery associated with global forest measurement will necessitate
budgetary choices, automated processing chains, and deliberation on selection of re-sampling
intervals (Achard et al. 2007; DeFries et al. 2007; GOFC-GOLD 2008; Olander et al. 2008; Rosenqvist
et al. 2003). Table 3 summarizes the costs of imagery required to do wall-to-wall sampling of global
forests at different resolutions. High-resolution imagery would be very expensive at current prices,
as discussed in-depth in Section 4.2.2 for LIDAR. Automated analysis of imagery is quick and
standardizes results, but the large number of images required to cover the world’s forests at
moderate-resolution will require large processing resources for automated classification
(Andersson et al. 2009; DeFries et al. 2007; Mayaux et al. 2005). Although modern computers are
capable of processing this amount of imagery, either significant investment or computing
partnerships are required (GOFC-GOLD 2008). The re-sampling interval can be affected by the
amount of time required to process each year’s imagery; the Brazilian National Institute for Space
Research (INPE), for example, prioritizes high-change areas for early processing to ensure timely
revisits (Achard et al. 2007).

Decisions on how often to sample the world’s forests should take into account processing times
and the availability of cloud-free passive imagery (GOFC-GOLD 2008). Cloud-free, global Landsat
mosaics contain imagery every three to five years but cloud-free MODIS mosaics can be created
seasonally due to their high return time (e.g., Morton et al. 2005). Clouds persist in some areas even
in ostensibly cloud-free images, necessitating fusion with SAR imagery to penetrate clouds in
certain tropical areas (Olander et al. 2008; Lindquist et al. 2008; Rosenqvist et al. 2008). The ALOS
forest mapper program, notably, will produce global, cloud-free forest cover maps annually from
2007 onward (J. Kellndorfer, pers. comm.). With processing and cloud delays, a global forest
monitoring effort may be capable of producing annual or biannual forest maps at coarse-resolution;
without the use of SAR, moderate-resolution, cloud-free maps may take several years to produce.

I
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It is expensive to integrate remote sensing estimates with forest inventory data, LIDAR data,
and high-resolution imagery yet selective ground-truthing is absolutely critical to evaluate accuracy
(Gibbs et al. 2007; GOFC-GOLD 2008; Olander et al. 2008; Rosenqvist et al. 2003). High-resolution
imagery collections, including Google Earth, can be used as substitutes for ground-truthing land
cover estimates (e.g., Gibbs et al. 2007; Read et al. 2003; Helmer et al. 2009; Bicheron et al. 2008),
but ground data are required for biomass and carbon estimates (Gibbs et al. 2007).

In contrast to locally accurate analyses, for which conclusions are geographically restricted,
global remote sensing analyses sacrifice local accuracy for greater global accuracy. A global,
dispersed network of ground-truth data is necessary to quantify this accuracy (e.g., Bicheron et al.
2008). Large amounts of ground-truth data already exist in some regions and foresters and forest
ecologists continue to collect more in many organized forest-sampling programs (Herold 2009).
Collecting and coordinating ground-truth data for global forest measurement would be a useful
scientific undertaking (Herold et al. 2008).
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Chapter 4. An Overview of Remote Sensing Capabilities for Forest
Measurement: Current and Near-Term Technologies

In the preceding chapters we noted several key limitations of remote sensing: (a) tradeoffs in
swath and resolution in current sensor technology (Section 3.2), (b) the small number of active
sensors currently in orbit (Section 2.4.1), (c) the relevance of inexpensive imagery for frequent
global coverage (Section 3.5), (d) the wisdom of redundancy in satellite selection (Section 2.4.3),
and (e) the need for ground-truthing to validate the accuracy of conclusions from remote imagery
(Section 3.5). In light of these limitations, we next consider the capability of remote sensing to
measure the global forest—specifically, global forest area, forest structure, and other forest
properties in Table 4.

4.1 Forest Area: Current Measurement Methods

Global forest area is often measured as two classes (forest/nonforest) or binned (that is,
categorized) into homogenous forest types that do not distinguish tree plantations or disturbed
forests (Hansen et al. 2008a; Bicheron et al. 2008). Forests are quite distinct from most nonforest
types of land cover, so forest/nonforest area can be measured with optical and SAR sensors with a
high degree of accuracy (from 80 > 90 percent). Distinguishing more than two land cover classes,
such as forests of different ages or composition, can still result in high accuracy, but classification
accuracy usually decreases with an increasing number of forest classes (Foody 2002) or when a
larger area is examined (Olander et al. 2008). These results mean that remote sensing is ideally
suited to detect forest removal (deforestation or clear-cutting) but less well suited to detect forest
thinning or forest replacement by industrial tree plantations (DeFries et al. 2007; Sanchez et al.
2009). Challenges remain in distinguishing primary forests from tree plantations and older
secondary forests (Kimes et al. 1999; Sanchez et al. 2009, Song et al. 2007; Thenkabail et al. 2004),
and in detecting forest degradation, which is a reduction in forest canopy cover or biomass that
does not result in complete forest clearing (DeFries et al. 2007). We explore these topics further
below.

4.1.1 Sensor Types and Measuring Forest Area

Each sensor type has different strengths and weaknesses for measuring forest area. Coarse-
resolution sensors have the greatest capability for global coverage and high return times (Achard et
al. 2007; Rosengqvist et al. 2003), but their pixel size causes them to miss the majority of
deforestation events (Olander et al. 2008; DeFries et al. 2002; Sanchez et al. 2009; Morton et al.
2005). High-resolution sensors enable measurement of tree crown area and fine delineation of
forest composition and disturbance, but their small swaths limit their utility for repeated, cloud-
free global measurement (Andersson et al. 2009). By balancing a large swath size with spatial
resolution that is able to detect the majority of land-use change, moderate passive sensors are
considered the best compromise for regional land cover monitoring (Achard et al. 2007; Olander et
al. 2008; Andersson et al. 2009). Finally, hyperspectral and polarized SAR sensors have improved
the ability to distinguish among forest types and map forest cover (DeFries 2008; Thenkabail et al.
2004; Hoekman and Quinones 2000). Analyzing their imagery can be technically difficult, however
(Kasischke et al. 1997; Ustin et al. 2004). Future refinements in image fusion techniques and new
satellite technology can be expected to improve measurements of forest area and type.
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4.1.2 Forest Area versus Measuring Change in Forest Area

Measuring forest area is distinct from measuring changes in forest area, for both practical and
quantitative reasons. Practically, increases in forest area often result from land cover types that are
quite spectrally distinct from the original forest and would not be classified as forest area. In
temperate and tropical areas, woody encroachment into grasslands creates spectrally- and
structurally-distinct forests in unexpected areas and forest regrowth on abandoned farms creates
distinct secondary forests (Houghton 2005). Deforestation results in the conversion of forests to a
variety of agricultural land covers, including spectrally similar tree plantations. Tropical forest
regrowth is very rapid, making ten to twenty year-old forests difficult to distinguish from primary
forest on a satellite image (see Section 4.1.5).

From a quantitative standpoint, measuring change in forest area is distinct from classifying two
land cover maps. To illustrate why, consider the most basic land cover change method, post-
classification; quantifying the changes between two classified land cover maps. In this method, high
classification accuracy is critical because quantifying land cover change by comparing two land
cover maps multiplies their respective errors (Lu et al. 2004). A multitude of other methods of
quantifying land cover change over time are reviewed at length by Lu et al. (2004). There are
several general methods for global land cover analysis. Image differencing subtracts two images
and then classifies the areas that have experienced changes in spectral characteristics (e.g.,
greenness). Combined analysis fuses both images in the same dataset, and then classifies the
combined dataset, labeling the changes. Hybrid analysis identifies which pixels have changed
between dates and classifies only the changed areas (Lu et al. 2004).

In the discussion of measuring forest area below, we focus primarily on the accuracy of
classified land cover maps because distinguishing land cover types is a necessary first step in
accurately classifying changes in forest area.

4.1.3 Coarse Passive Sensors and Forest Area

There have been numerous global and regional efforts to map forests using coarse-resolution
sensors, and these are ably reviewed by others (see Table 4 in Herold et al. 2008; Table 1 in Mayaux
etal. 2005; and Table 2 in Achard et al. 2007). Efforts to create global land cover maps have used
four satellites: AVHRR, MODIS, SPOT Vegetation, and Envisat/MERIS. Two main types of products
have resulted from these mapping programs: land cover classifications and tree-cover continuous
fields (AVHRR and MODIS only). All of these products have historically been freely available for
download, increasing their use in global land cover analysis.

The tree-cover continuous fields maps are a part of an effort to produce continuous, subpixel
estimates of vegetation traits from AVHRR and MODIS data (Hansen et al. 2003). These efforts use
higher-resolution Landsat and IKONOS data to train an algorithm that calculates percent tree cover
for each coarse-resolution pixel. This coarse-fine fusion method yields estimates of forest cover that
can be adapted for any forest definitionand is capable of coarse distinctions of forest cover based on
leaf type and density (Hansen et al. 2003).

Land cover classifications assign one land cover class per pixel and have been ongoing since
1992 (AVHRR), 2000 (MODIS, SPOT Vegetation, and 2005 (MODIS, SPOT Vegetation, and
Envisat/MERIS) (Herold et al. 2008). Currently the Envisat/MERIS 300 m resolution GLOBCOVER
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product is the highest resolution global land cover map. Maps of tropical forests have also been
produced at 250-m resolution from MODIS (Bicheron et al. 2008; Hansen et al. 2008a). Even just as
static snapshots, these global maps have been important in climate and carbon modeling (DeFries
2008; Achard et al. 2007).

These coarse-resolution mapping efforts have several limitations. The number of land cover
classes differs between mapping efforts and land cover classifications are often difficult to assign in
disturbed, heterogeneous, or transitional ecosystems (Herold et al. 2008; Mayaux et al. 2006).
Simple, coarse-resolution forest/nonforest classifications have between acceptable and high
accuracy (Latifovic and Olthof 2004; Hansen et al. 2003). Coarse-resolution classifications with
multiple land cover categories have had poor to low accuracy in representing actual land cover
(e.g., GLOBCOVER has 67 percent accuracy) (Bicheron et al. 2008; Latifovic and Olthof 2004;
Mayaux et al. 2006). These land cover classifications (e.g., GLC2000; GLOBCOVER) do not always
agree with each other (Giri et al. 2005). Figure 17 indicates two different land cover maps, the
GLC2000 and MODIS continuous fields, which disagree markedly in Central America. The scientific
effort Geowiki.org is trying to use volunteer input and high-resolution imagery to revise conflicts
between global land cover maps and improve their classification accuracy (IIASA 2009).

The capacity of coarse-resolution sensors to detect forest clearing and forest fires in almost real
time is particularly important to slowing deforestation in the tropics, where it is difficult to monitor
remote forests. We examine this later in the chapter (Section 4.4.2). The frequent return time of
MODIS permits phenology-based mapping of tropical deforestation with 89 percent accuracy, for
example (Morton et al. 2005). With one-day image processing, INPE uses MODIS imagery in a real-
time deforestation prevention program called DETEX to prevent large-scale, illegal clearing in the
Brazilian Amazon (DeFries 2008; Herold 2009). Coarse-resolution imagery can only detect
complete clearing and only detects a low percentage of actual deforestation that is greater than10-
20 ha in size (Sanchez et al. 2009; Achard et al. 2007). In Costa Rica, for example, only 10 percent of
deforestation was detected (Sanchez et al. 2009). Coarse-resolution imagery is best used, therefore,
as a detection or sampling tool to target higher-resolution sensors (i.e., the stratified sampling
program mentioned in Section 3.4) (DeFries et al. 2007).

The availability of frequent, free 250-300 m resolution imagery has improved deforestation
detection and land cover mapping because the imagery matches the scale (6.25 to 9 ha) of large-
scale forest clearings for farming and ranching and the approach can detect changes of around 10-
20 ha in size (Figure 18, Achard et al. 2007). The NPOESS satellite series is intended to replace the
MODIS and AVHRR satellites, but NPOESS will have 400 m to 1 km resolution (Townshend and
Justice 2002) limiting it to detect only extremely large clearings between 16 ha to 100 ha in size.
The Japanese GCOM-C1 (with 11 bands at 250-m resolution) and the European Sentinel-3 series
(with 21 bands at 300-m resolution) may be better suited to continue the MODIS and
Envisat/MERIS record (Appendix). It will be difficult to equal the combination of resolution, revisit
time, and free imagery that the MODIS Terra and Aqua constellation currently offers to global land
cover analysis.
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Figure 17: Coarse-Resolution Classification Disagreements
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The frequent revisit time of coarse-resolution sensors allows for near-daily monitoring of
phenology, important for land cover classification and for detecting future climate change as
described in Chapter One (Morton et al. 2005; Goetz et al. 2005). Repeated passes that capture
seasonal leaf dynamics can improve detection of seasonal tropical forests (e.g., Morton et al. 2005)
and coarse-resolution imagery will remain useful for forest measurement well into the future.
Given the usefulness of the vegetation continuous fields and the potential for automated subpixel
detections of deforestation (e.g.,, DETER), coarse-fine imagery fusions are an excellent method to
increase the resolution of coarse-resolution imagery (e.g., Hansen et al. 2003). Next-generation
geostationary satellites (GOES-R, FY-4) are expected to improve to 1 km resolution in the VNIR
sometime around 2014. This change would enable real-time monitoring of large-scale
deforestation, fires, and phenology and could provide dramatically improved inputs to carbon and
climate models (Chuvieco 2008; DeFries 2008).

4.1.4 Moderate Passive Sensors and Forest Area

Moderate passive sensors have resolution on a scale appropriate for forest management (Figure
18). The sensors are able to capture forest changes at the scale of one hectare in local analyses and
two to five hectares in regional analyses (Olander et al. 2008; Achard et al. 2007). Forest/nonforest
cover can be distinguished by moderate sensors with greater than 90 percent accuracy in local
areas. Over larger areas accuracy declines to between 85 and 90 percent (Olander et al. 2008).
Several forest mapping efforts use moderate-resolution images; these include sub-national and
national wall-to-wall mapping (Achard et al. 2007; Herold et al. 2008) and global sampling efforts
(Mayaux et al. 2005). Herold (2009) reviews national mapping efforts extensively.

Global wall-to-wall collections of moderate-resolution imagery could be constructed at
considerable expense from IRS, SPOT, or DCM data, but the Landsat global mosaics are the only
free, publicly available global imagery (Achard et al. 2007). As of 2009, “cloud-free”, global Landsat
mosaics for 1975, 1990, 2000, and 2005 have been created and efforts are underway to create an
error-free Landsat 7 mosaic for 2010 (Lindquist et al. 2008; Hansen et al. 2008b). The Landsat
mosaics contain date metadata for each component image to allow for correct interpretation—for
example when calculating local deforestation rates. These global Landsat mosaics have been
suggested by several authors as excellent sources for forest area reference maps for REDD (Gibbs et
al. 2007; Olander et al. 2008; Achard et al. 2007).

Although the global Landsat mosaics offer opportunities for mapping global forests, numerous
challenges arise in analyzing them for forest area. Because of obstructions in coverage in cloudy
areas, most nonconstellation moderate sensors (i.e., all except the IRS and DCM series) have de
facto return times of a year or more in tropical areas (Asner 2001; Olander et al. 2008). This limit
can seriously compromise efforts to map seasonal forests, especially in tropical areas, because of
the difficulty in distinguishing leafless forests during dry seasons when most imagery is acquired
(Sanchez et al. 2009; Asner 2001).To develop the global Landsat mosaics, scientists were forced to
knit together images taken over several years (e.g., 1986-1991 for the 1990 mosaic). Even then
unacceptable levels of cloud cover persisted on about 25-30 percent of the Landsat mosaic images
in Ecuador (Olander et al. 2008) and in 16 percent of mosaic images in the Congo Basin (Lindquist
et al. 2008). Aside from the detection of seasonal forests, automated classification of Landsat
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mosaics requires correction for the variety of sun illumination angles (known as radiometric
correction) and the creation of global or regional algorithms to classify different land covers (Lu et
al. 2004; Schroeder et al. 2006; Bicheron et al. 2008). Landsat classification algorithms developed in
one region are unlikely to be accurate in another region even if the regions are similar (e.g., Foody
etal. 2003).

Figure 18. Resolution of Sensors Relative to Ecological Measurements
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Regional wall-to-wall mapping efforts, global sampling efforts, and one global, moderate-
resolution land cover map (GeoCover LC; Cunningham et al. 2002) indicate that these challenges
could be overcome. The current moderate-resolution GeoCover LC map has mixed global accuracy
(72 percent) and very broad forest classes (Cunningham et al. 2002). An accurate, detailed 30 m
resolution forest map would be a significant, tenfold improvement in global land cover mapping
(Bicheron et al. 2008). Re-processing the global 30-m Landsat archive (1983-present) to create a
season-appropriate, cloud-free, and radiometrically corrected imagery time-series is feasible with
current technology, although the project would be computationally intensive. Algorithms have been
developed recently to eliminate clouds and cloud shadows and improve the Landsat mosaics by
fusing together, or compositing, time-series of Landsat and MODIS images (Lindquist et al. 2008;
Roy et al. 2008; Hansen et al. 2008b). In addition, automated radiometric correction, which is often

difficult in all-forest images, has been demonstrated on a series of Landsat images (Schroeder et al.
2006; Xian et al. 2009).
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4.1.5 Moderate-Resolution Imagery and Land Cover Classification

The literature on land cover classification with moderate-resolution imagery is extensive
(partially reviewed in Sanchez et al. 2009; Patenaude et al. 2005; Olander et al. 2008; and Coppin et
al. 2004). Because classification accuracy generally decreases with an increasing number of classes
(Foody 2002), we use the land cover classification hierarchy of Anderson et al. (1976) when
referring to the accuracy of different classifications. In this hierarchy, a Level I classification
distinguishes basic classes (forest, nonforest vegetation, agricultural, urban) and a Level II
classification distinguishes more land cover classes, including forest types. As mentioned above,
Level I accuracy in excess of 85 percent is usually observed with moderate-resolution imagery, with
higher accuracy at higher resolution (Salajanu and Olsen 2001; Peterson et al. 2009). Generally,
accuracy decreases with an increasing number of classes. Published Level II classifications have
ranged from 65 to 85 percent accuracy (references in Patenaude et al. 2005). In general, extending
Level Il classification algorithms developed in one region to other regions is a technical challenge
that is not always met (Sanchez et al. 2009; Loveland et al. 2002; Xian et al. 2009; Rogan et al. 2008;
Foody et al. 2003).

Distinguishing among forest types, forest ages, degraded and intact forests, and tree-based
agroecosystems can also be challenging (Sanchez et al. 2009; Olander et al. 2008; Patenaude et al.
2005). In temperate forests, Salajanu and Olsen (2001) were able to classify a forested area in
Michigan to Level 1 with 89-91 percent accuracy, but accuracy decreased to 77-84 percent for
distinguishing 10 forest types. In Siberia’s Baikal region, Peterson et al. (2009) were able to
distinguish four boreal forest classes with 80-98 percent accuracy. In tropical forests, Thenkabail et
al. (2004) found that moderate-resolution, multispectral sensors had poor (40-50 percent)
accuracy in distinguishing nine forest types and ages. By contrast, Sesnie et al. (2008) were able to
discriminate 17 forest classes with 93 percent accuracy using a fusion of spectral, DEM, and climatic
GIS layers. Sesnie et al. (2008) had 69 percent accuracy with spectral classes alone, indicating that
detailed Level II classification in tropical areas may require GIS fusion or hyperspectral data. We
explore this further below (Section 4.1.6).

In both tropical and temperate zones, moderate-resolution imagery cannot distinguish forest
regrowth from mature forest after 15-30 years of growth (Steininger 1996; Nelson et al. 2000;
Song et al. 2007; Fiorella and Ripple 1993). Partially logged or cleared forests have long been
difficult to distinguish from intact forests (Sader et al. 2003; Wilson and Sader 2002; Achard et al.
2007), but recently, promising spectral analysis techniques have been developed to map subpixel
forest degradation in the Brazilian Amazon using moderate-resolution imagery (Asner et al. 2005;
Souza et al. 2005b).

In the tropics, distinguishing forests from tree-based agriculture (i.e., agroforestry, tree
plantations) is difficult using moderate-resolution imagery; the plantations often appear similar to
secondary forests (Sanchez et al. 2009). In Malaysia, Baban and Yosuf (2001) were able to
distinguish rubber plantations with 74 percent accuracy and found that plantations were most
often confused with intact forests. Sesnie et al. (2008) were able to distinguish tree plantations with
approximately 90 percent accuracy in Costa Rica, but accuracy decreased to 55 percent when the
entire image was examined across diverse plantation types. Kuplich et al. (2000) were able to
distinguish planted Eucalyptus and Pinus forests with 89 percent accuracy in a fragmented

£ RFF | FAGAN AND DEFRIES 48



Brazilian agricultural landscape. In eastern Ecuador, Santos et al. (2008) used Landsat 7 to do a
Level II classification of an oil palm-secondary forest landscape with 77 percent accuracy.

Despite these challenges in Level II classification of forests, there has been significant progress
in classification of moderate-resolution imagery in recent years (Coppin et al. 2004). One promising
approach is the classification of land cover trajectories over time (rather than static images) made
possible by the recent opening of the Landsat image archive (Kennedy et al. 2007; Masek et al.
2008; Coppin et al. 2004; Song et al. 2007). For example, Helmer et al. (2009) mapped age classes of
tropical forest regrowth with very high accuracy by using the entire, 37-year Landsat archive to age
regrowth on previously cleared pixels. This new trajectory classification method, in addition to the
compositing methods mentioned above (Hansen et al. 2008b), underscores the importance of long,
continuous time-series of moderate-resolution imagery to land cover analysis (and the critical
nature of the success of the LDCM).

4.1.6 Hyperspectral Sensors: Forest Area and Beyond

Hyperspectral images, although they have limited global coverage, are markedly better (e.g.,
40-70 percent better) than multispectral moderate-resolution images in distinguishing and
mapping diverse forest types and other land covers (Thenkabail et al. 2004; Ustin and Xiao 2001;
Goodenough et al. 2003).. Even though the potential is still being explored, hyperspectral images
already have a wide diversity of applications due to the ability to measure the absorption of light by
chemicals. This ability in turn allows direct measurement of leaf chemistry and the quantification of
photosynthetic and non-photosynthetic (woody) cover (Asner and Martin 2009; Chambers et al.
2007; Ustin et al. 2004). Hyperspectral imagery improves measurement of LAI (Lee et al. 2004;
Schlerf et al. 2005), forest productivity (via canopy nitrogen; Smith et al. 2002; Ollinger and Smith
2005), canopy structure (Arroyo-Mora et al. 2009), and drought stress (Asner et al. 2004). The
imagery also makes new measurements of forest diversity possible including canopy leaf
ecophysiology (Asner et al. 2009b) and the discrimination of individual species and species groups
(Goodwin et al. 2005; Asner et al. 2008; Clark et al. 2005). Moderate-resolution hyperspectral
imagery, which will become widespread in the next few years as the EnMap, HyspIR], and several
other satellites are launched, has the potential to revolutionize forest biodiversity measurements in
a new science of “remote spectranomics” (Asner and Martin 2009). Although many new
hyperspectral sensors will have relatively narrow swaths and may be unsuited for global forest
measurement, the HyspIRI sensor will have a 90 km swath (Appendix) and is likely to markedly
improve the accuracy of land cover mapping.

4.1.7 High-Resolution Passive Sensors: Forest Area in Focus

Because high-resolution passive sensors have a narrow swath and pointable, interrupted
coverage, there are currently no continuous global land cover maps or cloud-free image mosaics at
high resolution (Loarie et al. 2007). GeoEye’s constellation will be mapping the entire globe in the
next few years (Mark Brender, pers. comm.), but cloud-free imagery is unlikely to result (Asner
2001; Olander et al. 2008). SPOT-5 has continuous global coverage at 10 m resolution but the
imagery has not been analyzed. RapidEye, a high-resolution constellation with daily repeat capacity
(launched in 2008-2009), has the potential to develop cloud-free, continuous global maps
(RapidEye 2001).
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Currently, Google Earth has the largest collection of global high-resolution imagery, but the
imagery is from a variety of satellite and airborne sources with differing resolutions and
undisclosed dates (Potere 2008). Google Earth may not yet be useful for strict change detection on a
global scale, but the approach is very useful for land cover validation and visualization (e.g., [IASA
2009; Bicherson et al. 2008; Helmer et al. 2009; Olander et al. 2006). The same result is true for
high-resolution imagery in general: the imagery is an inefficient way to map global forests due to
irregular spatial sampling (Loarie et al. 2007; Andersson et al. 2009), relatively high cost (Olander
et al. 2008; Andersson et al. 2009), data sharing restrictions, and radiometric correction challenges
(e.g., variable canopy shadowing) (Goetz et al. 2003; Andersson et al. 2009). Current policies about
access to data restrict the sharing of original data but allow sharing of data products, such as basic
maps, for almost all high-resolution imagery. However, the imagery is useful for identifying local
land covers (Wulder et al. 2004) and forest disturbance (Thompson et al. 2008; Wulder et al. 2008;
de Souza and Roberts 2005), and even following the population dynamics of individual tree species
(Clark et al. 2004a). High-resolution imagery has immense utility for ground-truthing lower
resolution imagery, both as a fine-scale validation tool and as training data for algorithms (e.g.,
Hansen et al. 2003; Wang et al. 2005).

Although high-resolution imagery does not have the spectral resolution of other sensors (most
notably missing the SWIR bands), the imagery contains additional information on the shape and
texture of objects in the landscape that lower-resolution imagery lacks (Goetz et al. 2003). The
accuracy of high-resolution imagery in distinguishing Level I land cover classes in forested
landscapes is very high—in the range 95 percent and greater (Townsend et al. 2009). As such, the
imagery is often used as a tree-cover validation for lower resolution imagery either visually (e.g.,
Kozak et al. 2008; Neigh et al. 2008) or quantitatively (Knorn et al. 20091 Hansen et al. 20031 Wang
et al. 2005). Because spectral information is limited (often four bands) and spatial algorithms are
still under development, high-resolution imagery is less accurate at Level II classifications (~70-90
percent; Ouma et al. 2008; Mallinis et al. 2008; Gergel et al. 2007; and Morales et al. 2008). The
high-resolution sensors are capable of distinguishing small-scale land covers and disturbances that
do not appear in moderate-resolution imagery, such as riparian strips (Gergel et al. 2007), pest
outbreaks (Wulder et al. 2008a), and logging (de Souza and Roberts 2005), and the visual
interpretation of the high-resolution imagery is straightforward (Wulder et al. 2004). Automated
crown delineation techniques have been developed recently (Broadbent et al. 2008; Palace et al.
2008), and high-resolution imagery shows potential for using crown size to classify secondary
forests that are older than 20 years (Clark et al. 2004a; Kayitakire et al. 2006).

4.1.8 SAR Sensors and Passive-SAR Fusions for Forest Area

SAR has potential for global forest mapping and SAR capabilities have been extensively
reviewed elsewhere (Patenaude et al. 2005; Rosenqvist et al. 2003; Lu 2006; Balzter 2001; and
Kasischke et al. 1997). Here, we simply summarize the main conclusions of prior research and focus
on recent developments in SAR research. SAR distinguishes land cover based on the strength of
backscatter, the variation in backscatter over space (texture), and, depending on the analysis,
temporal variation in backscatter signatures. Regional maps of forest cover have been derived from
SAR sensors including the Global Rainforest Map (JERS sensor; Rosenqvist et al. 2000) and the
Central Africa Mosaic project maps (ERS sensors; DeGrandi et al. 1999). The ALOS Pathfinder
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mission has created the first global L-band SAR forest map at 50 m resolution and the mission will
continue to do so annually (J. Kellndorfer, pers. comm.).

Scientists fully appreciate the potential of satellite SAR sensors to distinguish land cover; their
capabilities are well known from analysis of data from advanced airborne SAR sensors and the
multi-polar, multiband SAR sensor (C-, X-, and L-band) aboard the 1994 SIR-C/X shuttle mission
(Kasischke et al. 1997; van der Sanden and Hoekman 1999). In general, single-band SAR sensors
with one polarization (e.g., ERS-1, JERS-1) have variable accuracy (low to very high) in Level I
classifications depending on topography, surface moisture, and the structural complexity of the
landscape (Patenaude et al. 2005; Kellndorfer et al. 1998; Podest and Saatchi 2002). As the number
of polarizations or SAR bands increases, Level [ accuracy can be very high (>90 percent), rivaling or
exceeding passive sensors (Dobson et al. 1995a; Kellndorfer et al. 1998; Patenaude et al. 2005).
Level Il accuracy is also very dependent on the number of polarizations and bands employed,
achieving accuracies between 70-90 percent (Kasischke et al. 1997; Kellndorfer et al. 1998).
Dobson et al. (1995a), notably, have very high Level I and Il regional accuracy with polarized,
multiband data in Michigan forests. Saatchi et al. (1997), with multipolar SIR-C/X data, are able to
measure Amazon forests with very high (92 percent) Level | accuracy and acceptable (72 percent)
Level Il accuracy. The L-band JERS-1 and ALOS PALSAR sensors have been shown to have very high
Level | accuracy when classifying several different forested regions (Thiel et al. 2006; Saatchi et al.
2000; Kellndorfer et al. 2008). Because of the high SAR reflection from water, longer wavelength
sensors have created highly accurate maps of mangroves and floodplain forests (Costa 2004).

The accuracy of SAR sensors is affected by ecosystem structure (Almeida et al. 2007;
Kellndorfer et al. 1998, 2004), variability in soil and vegetation moisture (Kasischke et al. 1997),
and topography (Kellndorfer et al. 1998). High-resolution digital elevation maps are necessary to
correct for topographical distortions; accuracy decreases markedly without effective correction
(Kellndorfer et al. 1998; Ticehurst et al. 2004). Because of its high moisture sensitivity, the C-band
is the least useful for land cover classifications, although its utility for Level I classification increases
when multiple polarizations are used (Saatchi et al. 1997; van der Sanden and Hoekman 1999;
Kasischke et al. 1997).

Recent research in SAR land cover mapping has investigated the potential of optical-SAR
fusions (Saatchi et al. 2007; Santos et al. 2008) and InSAR for improved landscape classification
(Balzter2001; Engdahl and Hyyppa 2003; Park and Chi 2008). Interferometric SAR can improve
classifications by adding vegetation height information to other SAR measures like texture and
backscatter (Balzter 2001). Optical-SAR fusions shows promise for synergistic landscape
classification (Kasischke et al. 1997; Kuplich et al. 2000) In Indian dry forests, fusion of moderate-
resolution passive and Envisat ASAR C-band data improved Level II classification (>90 percent)
(Chand and Badarinath 2007). In Amazonia, Kuplich et al. (2000, 2006) found Landsat-SAR fusions
improved Level 2 classifications over Landsat or SAR alone, and Saatchi et al. (2007) used a SAR-
optical fusion to derive vegetation and biomass classes for the entire basin. Santos et al. (2008)
found that a Level Il classification of oil palm plantations and forests was improved by a passive-
SAR fusion, to 90 percent from 76 percent (SAR) and 77 percent (Landsat). In central Africa,
Mayaux et al. (2000) used AVHRR and ERS data fusion to classify forests, savannas, mangroves,
swamp forests, and tree plantations with 75 percent accuracy.
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Given the large number of SAR constellations planned for launch in the 2009-2015 period, it is
likely that InSAR, multiband SAR fusions, and optical-SAR fusions will become increasingly
important techniques in land cover classification.

4.2 Forest Structure: Current Measurement Methods

We next review the use and relative accuracy of different remote sensing methods to measure
vertical and horizontal forest structure, with an emphasis on forest height. Remote sensors are
sensitive to forest structure, which, in conjunction with area (Table 4), is used to estimate forest
volume (Section 4.3), biomass (Section 4.4), and carbon (Section 4.5).

Forests are highly complex three-dimensional structures. Forest height can vary markedly over
a defined area (i.e., a tree, plot, pixel, or stand). In this report, we define the horizontal and vertical
complexity of forest surfaces as forest structure; both active and passive sensors can measure
variation in forest structure. Vertical forest structure can be characterized by forest height, canopy
depth, leaf density profiles, and other measurements. Horizontal forest structure can be
characterized by canopy width, tree density, and tree architecture.

Because of generalities in tree structure from hydraulic constraints (West et al. 2009), forest
height allows for accurate estimation of volume, biomass, and other forest properties (Lefsky et al.
2002b), all discussed further below. Forest height can either be measured directly by remote
sensing or estimated indirectly from allometric relationships with other remotely sensed
measurements (e.g., canopy width; Song 2007). Exact measurements of forest height must derive
two key parameters for a given area: ground elevation and canopy-top height. There are multiple
approaches to measuring canopy-top height and ground elevation. These approaches include
passive stereo, LIDAR, InSAR-ground differencing, and polarimetric InSAR (Sexton et al. 2009;
Balzter 2001; St-Onge et al. 2008).

4.2.1 Stereo Measurements of Forest Structure

Multi-angle (stereo) passive sensors are used to estimate the three-dimensional structure of
objects from two or more offset observations, much like SAR interferometry (Jensen 2007). Multi-
angle sensors include MISR; ASTER; PROBA-CHRIS; any of the pointable, high-resolution satellites
(e.g., GeoEye, Spot-5); and aerially mounted stereo digital cameras. High-resolution stereo
photography has a long history of measuring object height from aerial images (Jensen 2007). High-
resolution stereo images have been effectively used to measure canopy-top height in forests with
high accuracy (Brown et al. 2005; St-Onge et al. 2008) and to develop a new global, canopy-top DEM
from moderate-resolution ASTER images (ERSDAC 2009). Although the accuracy of stereo imagery
in estimating canopy-top height is exceeded by LIDAR and some InSAR measurements, the
approach has been proposed as a means to extend LIDAR results to landscapes (St. Onge et al. 2008;
Diner et al. 2005). High-resolution stereo imagery is likely to be cheaper than small-footprint LIDAR
on a global scale yet it has severe limitations in terms of costs, data usage rights, and cloud-free
coverage (see Section 4.1.6), and could only provide validation data for monitoring the global
forest.

Coarser resolution multi-angle sensors (e.g., MISR, PROBA-CHRIS, POLDER, repeat-pass MODIS)
require locally fitted algorithms to model how reflection and absorption from multiple angles relate
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to subpixel canopy height and structure (Diner et al. 2005). Simple metrics of variance in reflection
have been used to successfully estimate tree density and height in open forests (Sedano et al. 2008;
Heiskanen 2006), and MISR estimates of height and roughness have been used to improve Level 11
classification accuracies in forests (Galvao et al. 2009; Liu and Kafatos 2007). Chopping et al. (2008)
recently used a complex canopy model to estimate tree height and biomass in Arizona with
acceptable to high accuracy (r? values of 0.69 and 0.81, respectively) from MISR data, and Kimes et
al. (2006) found that large-footprint LIDAR estimates of forest height were closely related (r2=0.89)
to AirMISR height predictions in New Hampshire. Although coarse-resolution, multi-angle image
analysis is in the experimental stage, the analysis has potential for relatively low cost, global
estimates of forest structure (Chopping et al. 2008; Diner et al. 2005; Kimes et al. 2006). The need
for localized model creation and extensive validation, and possible inaccuracies in closed-canopy
forests, make it unclear whether coarse-resolution, multi-angle sensors will yield global forest
structure measurements in the next decade (Kimes et al. 2006; Chopping et al. 2008; Schull et al.
2007).

4.2.2 LIDAR Measurements of Forest Structure

Both small-footprint and large-footprint LIDAR provide excellent measurements of vertical
forest structure that exceed the accuracy of other remote sensing measurements (Sexton et al.
2009; Hyde et al. 2006; Nelson et al. 2006; St-Onge et al. 2008; Balzter et al. 2007; Wolter et al.
2009; Hyyppa et al. 2008). LIDAR measurements meet standards of accuracy for ground-based
measurements for forest canopy-top height (Dean et al. 2009; Naesset et al. 2004), and LIDAR
measurements are distinctive because they also measure ground-elevation at the same time,
allowing accurate calculations of forest height. Large-footprint LIDARs have measured forest
canopy height with greater than 75 percent accuracy across a wide variety of forest types (Lefsky et
al. 2002a, b; Means et al. 1999; Hyde et al. 2005; Lefsky et al. 2007). Airplane-mounted, small
footprint LIDARs have high accuracy (>80 percent) in measuring canopy height (Balzter et al. 2007;
Clark et al. 2004b) and can measure horizontal canopy structure and other characteristics as well
due to their high sampling density (Lefsky et al. 2002b; Hyyppa et al. 2008). Small footprint LIDARs
make excellent ground-truthing datasets but their small swath makes global measurement
challenging (Dubayah et al. 2000; Balzter et al. 2007). Although large areas could be surveyed via
aerial, small-footprint LIDAR, it would take a fleet of five planes 1063 cloud-free days to survey
Brazil’s 8.5 million square kilometers (Swanson et al. 2009). Given the cloudiness of the tropics, real
flight time might be six years for complete coverage.

Global, wall-to-wall coverage by LIDAR sensors is probably unlikely in the near future; even
with long-range, unmanned aerial systems (UAS), wall-to-wall global LIDAR coverage would be
logistically difficult. Obstacles include the requirement of obtaining permission to fly over
countries, the amount of flying needed for global coverage, and high costs of purchasing and
running multiple UAS sensors (roughly $460 million for four sensors over five years [Swanson et
al,,2009]). However, three methods of global sampling by LIDAR are possible. The first is coarse-
resolution sampling by LIDAR satellites described above (Section 2.2.2, Figure 10). The second,
which would cost approximately $80 million, could be accomplished by using a single UAS with
LIDAR sensors to conduct targeted sampling of a diversity of forest types in selected countries. The
third is mounting a LIDAR sensor on a satellite.
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The large-footprint ICESat GLAS is the only LIDAR sensor in orbit and the global, wide-interval
coverage is being used for forest measurement (Figure 19). The wide spacing between LIDAR shots
makes orbital LIDARs like GLAS unsuited for DEM creation or wall-to-wall sampling of forest
height, but GLAS LIDAR footprints are well correlated globally with forest height (r2= 0.83, Lefsky et
al. 2007). These approaches provide an important source of data for validation and fusion with
other imagery (Lefsky et al. 2002b; Baccini et al. 2008; Nelson et al. 2009). For example, GLAS data
have been combined with MODIS (Nelson et al. 2009; Boudreau et al. 2008) and Landsat (Helmer et
al. 2009) data to create accurate regional biomass and height estimates.

Figure 19. GLAS Footprint Spacing in Africa
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Notes: Each black dot represent a 65-m width LIDAR footprint; only 30 percent of all footprints are represented here.
Source: Baccini et al. 2008.

In the 2009-2015 timeframe, ICESat will reach the end of its operating lifetime and is expected
to be followed by the ICESat-II and DESDynI LIDAR satellites. DESDynl is a satellite mission planned
for launch in 2014 and carrying a large-footprint LIDAR as well as two L-band InSAR systems with
multiple polarimetry. The LIDAR capability will be used in conjunction with InSAR to achieve
accurate, moderate-resolution forest height measurements on a global scale (Donnellan et al.
2008). Accurate measurements of ground elevation may also result depending on advances in
processing InSAR data (ESA 2009).
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4.2.3 InSAR Measurements of Forest Height

Several different methods using SAR interferometry can derive forest height. (Balzter 2001;
Sexton et al. 2009). Canopy-top height from short-wavelength InSAR (e.g., the SRTM mission) can
be subtracted from independent measures of the ground elevation (Kellndorfer et al. 2004; Walker
etal. 2007). Short-wavelength InSAR estimates of canopy-top height can be subtracted from long-
wavelength InSAR estimates of ground elevation (Neeff et al. 2005). Polarimetric interferometric
SAR (POLinSAR) uses interferometric, polarized SAR and multiple measurements to model the
vertical structure and height of forests from SAR scattering models (Treuhaft et al. 2000; Le Toan et
al. 2008). POLinSAR is still under development, although the technique has shown promise for
height estimation across a diversity of forest types (Le Toan et al. 2008; ESA 2009).

Sexton (2009) compares the accuracy of different InSAR measurement techniques. In general,
all InSAR measurements underestimate forest height because they measure to the phase scattering
center, which is usually below crown level. This bias can be corrected (Saatchi et al., in review). In a
forest in North Carolina, Sexton (2009) found that short-long wavelength differencing (X and P)
was more accurate than SRTM-ground differencing but both InSAR methods were less accurate
than LIDAR. He also found that SAR differencing was least accurate in shorter stands (due to
ground return of canopy-top wavelengths) especially for the SRTM-ground method. Regional
calibration would be necessary to correct for this bias in height estimation (Sexton et al. 2009).

Given the number of SAR satellites to be launched in the next six years, InSAR measurement of
canopy-top height will increase in frequency and global coverage (Zink et al. 2007). Current
satellites only have the capacity to do temporal inferometry and several upcoming SAR
constellations and follow-on satellites will continue and extend this capacity (Section 2.4.2). Future
capacity for spatial interferometry will come from an InSAR satellite (DESDynl) and several
formation SAR constellations (e.g., TerraSAR-X; see the Appendix). Ultimately, the utility of
interferometric SAR in measuring global forest height will depend on the creation of a high-
resolution, ground-level global DEM (Walker et al. 2007) or the development of multi-band, multi-
polarized image datasets that allow the estimation of forest height through POLinSAR or short-long
wavelength subtraction algorithms (Neeff et al. 2005; Sexton et al. 2009; ESA 2009). The GLAS and
DESDynl LIDARs will improve global DEMs (but not at a high spatial resolution) and the large
number of SAR satellites to be launched will allow for InSAR synergies between C-, X-, L-, and
possibly P-band sensors (NASA 2009a; ESA 2009; Saatchi et al. in review; Patenaude et al. 2005).

Development of an accurate, high-resolution global DEM would allow for the creation of
references maps of forest height using C-band InSAR from the ERS, RADARSAT, or SRTM missions
(Kellndorfer et al. 2004). A ground-level DEM could be achieved by a long-band (VHF) SAR sensor,
LIDAR saturation of the earth’s surface from satellite and airborne sensors (via the proposed LIST
satellite, or using high-elevation, unmanned drones called UAVs), or a formation InSAR
constellation with a special variable-baseline orbit (Le Toan 2008; ESA 2009; NRC 2007). Each of
these options is in the experimental stages. TanDEM-X and TerraSAR-X will create a variable
baseline InSAR for DEM mapping, but accuracy in forested areas is still to be determined (Zink et al.
2007). In addition, a tomography mode for the proposed P-band BIOMASS sensor and a variable-
baseline Tandem-L companion satellite for DESDynl may be launched in the 2009-2015 period (Le
Toan 2008; Oberto et al. 2008; ESA 2009).
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4.2.4 Fusions of Remotely Sensed Data on Forest Structure

In any imagery fusion, LIDAR provides outstanding interpolated information on ground
elevation and can be used to increase the accuracy of forest height estimates from stereo optical or
interferometric SAR (Balzter et al. 2007; Hyde et al. 2006). This approach is the main concept
behind DESDynl, the InSAR-LIDAR satellite mission described above. To provide more accurate,
spatially extensive estimates of forest height and structure, LIDAR can be fused with InSAR (Balzter
etal. 2007; Slatton et al. 2001), passive forest structure estimates (Wolter et al. 2009, Dubayah et al.
2000; Hyde et al. 2006; Hudak et al. 2002), stereo measurements of height (Hyde et al. 2006), or
forest classifications from passive or active sources (Dubayah et al. 2000; Helmer et al. 2009;
McCombs et al. 2003).

4.2.5 Estimating Forest Structure from Allometric Relationships

Horizontal and vertical forest structure can be derived from three-dimensional stereo imaging
as well as from the texture of high-resolution satellite and aerial passive imagery (Song 2007;
Wolter et al. 09). Analysis of canopy texture from optical imagery takes advantage of tree
illumination geometries in heterogeneous canopies to estimate canopy width and other structural
variables (Wolter et al. 2009; Kayitakire et al. 2006; Hyyppa et al. 2000; Song 2007). Canopy
structure (e.g., width) can then be used to estimate tree height, basal area, and stem volume via
allometric equations (Song 2007; Lefsky et al. 2002b). Canopy structure has long been derived from
remotely sensed imagery (this is reviewed in more depth by Song [2007]; Wolter et al. [2009]; and
Palace et al. [2008]). In general, high-resolution imagery is more accurate than moderate-resolution
imagery at deriving canopy structure (Hyyppa et al. 2000; Song 2007; but see McRoberts 2008).
Recent efforts have focused on automated delineation of canopy structures using a variety of
different algorithms. Success has been mixed and studies have largely been restricted to small areas
(Song 2007; Wolter et al. 2009; Palace et al. 2008).

Song (2007) achieved acceptable accuracy in canopy-delimitation in conifer forests (72 percent
variation in canopy width), but, like several others, had poor accuracy in deciduous forests with
overlapping canopies. In northern forests with nonoverlapping canopies, Wolter et al. (2009) found
that estimates of canopy width and height rivaled LIDAR accuracies (acceptable to high).
Automated canopy delimitation efforts in the Amazon basin, using extensive ground data, observed
clumping of overlapping trees, underestimation of understory tree crown area, and overestimation
of total forest biomass (Palace et al. 2008; Broadbent et al. 2008). While these efforts have not been
extensively validated, biomass estimates were quite comparable to ground estimates.

In general, texture-derived canopy width and height measurements are less accurate than
LIDAR measurements but they can be calculated from existing high-resolution imagery over larger
areas (Wolter et al. 2009; Broadbent et al. 2008). Although this technique may be unsuited for
global forest height measurement because of cost and data volumes (DeFries 2008), the approach
may be suitable for extending LIDAR estimates and validating coarser-resolution imagery (DeFries
2008; Wolter et al. 09).
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4.3 Estimating Forest Volume and Biomass using Remote Sensing

Both the volume and the aboveground biomass (AGB) of forests can be estimated from
allometric relationships with canopy width, structure, and/or height, the intensity of SAR
backscatter, correlations with passive spectra, and various fusions of the above (Lu et al. 2006;
Balzter et al. 2007; Rosenqvist et al. 2003). We review this large body of literature briefly, with a
focus on global measurement of forest biomass. A more thorough review of this topic is in Lu
(2006), Pateneude et al. (2005), Rosenqvist et al. (2003), and Lefsky et al. (2002b).

4.3.1 Forest Volume and Remote Sensing

Forest volume and geometry directly influence the returns to satellite sensors (Dobson et al.
1995b, Dubayah et al. 2000) but with the exception of several studies in plantations and conifer-
dominated forests that estimate bole volume, many remote sensing studies focus on estimating
forest biomass (g/m?) rather than volume (m3/m?) (e.g., Drake et al. 2002a; Saatchi et al. 2007). The
same allometric equations that are used to estimate ground-truth biomass could be used to
estimate bole volume (P. Waggoner, pers. comm.), but bole volume is often not reported. As a result,
we will focus in the following sections on estimating biomass, rather than volume, from remote
sensing.

Forest volume estimates from remote sensing have often been made in species-poor systems
with regular, distinct canopies in support of forest inventories. Active sensor systems have been
frequently employed to estimate forest volume. Patenaude et al. (2005) review several studies in
temperate conifer-dominated and boreal forests that estimated stem volume using SAR (53-83
percent accuracy) and LIDAR (46-97 percent accuracy). Hyyppa et al. (2008) review the ability of
small-footprint LIDAR to estimate stem volume from canopy height measurements. Wolter et al.
(2009) review several LIDAR studies that achieved 85-91 percent accuracy for basal area. Means et
al. (1999), in the western United States, predict 96 percent of the variance in basal area using large-
footprint LIDAR. Notably, Anderson et al. (2008) only predicts 25 percent of the variance in basal
area with LIDAR in a deciduous forest in the northeastern United States. Maltamo et al. (2006), on
the other hand, predicts stem volume from LIDAR with less than 14 percent error in a boreal forest.
Askne and Santoro (2009) are able to estimate boreal forest stem volume with less than 20 percent
error using C-band InSAR.

It is unclear how much the variation in accurately predicting volume is due to differences in
LIDAR or SAR sensor types, processing choices, or variability among regions. Experts have
hypothesized that LIDAR has more difficulty in predicting forest variables in deciduous areas due to
irregular canopy structure (Nelson et al. 2007) but this hypothesis has not been thoroughly tested.

Passive optical sensors, alone and fused with active sensors, have been used to estimate forest
volume with mixed results. For example, nearest-neighbor algorithms (k-NN) have processed
moderate-resolution imagery, often integrated with forest inventory data, to produce estimates of
forest volume and basal area (McRoberts et al. 2008). Franco-Lopez et al. (2001) used nearest-
neighbor techniques, Landsat imagery, and data from the US Forest Service’s Forest Inventory and
Analysis National Program (FIA) to estimate basal area and volume with approximately 50 percent
accuracy, while McRoberts et al. (2008) estimates basal area with 66 percent accuracy using similar
techniques. Hall et al. (2006) uses moderate-resolution imagery, forest inventory data, and an
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allometric forest structure model to predict volume with 69 percent accuracy. These moderate-
resolution data algorithms may be too computer intensive for large-area estimation.

High-resolution imagery has also been used to estimate forest volume, often with greater
success. Hyyppa et al. (2000) find that high-resolution optical sensors outperformed some, but not
all, types of SAR sensors, as well as moderate-resolution passive sensors in predicting basal area
and stem volume, with maximum accuracy of 55-58 percent. Wolter et al. (2009) use high-
resolution SPOT imagery in an open temperate forest to estimate basal area with 71 percent
accuracy. Kayitakire et al. (2006) use texture analysis of 1 m-resolution IKONOS-2 imagery to
estimate basal area of a mixed conifer-deciduous forest with 35 percent accuracy. In an open poplar
plantation, Wang et al. (2007) use allometric relationships between canopy height and diameter to
estimate stem volume with 87-92 percent accuracy. In a boreal forest, Wallerman and Holmgren
(2007) estimate stand volume with less than 20 percent error by fusing small-footprint LIDAR with
texture analysis of SPOT HRG images. Popescu et al. (2004) fuse small-footprint LIDAR with high-
resolution optical imagery to estimate forest volume with high accuracy (83 percent of variation) in
coniferous forests and poor accuracy in deciduous forests (39 percent). As with active sensors, the
variation in methods and forest types makes it difficult to draw definitive conclusions, but it is clear
that fusions improve estimates (e.g., Popescu et al. 2004) and that readily distinguishable tree
canopies improve allometric estimates of stand volume from canopy width (Song 2007).

Because of the similarity of allometric equations that calculate biomass and stem volume, the
methods detailed in the following sections could easily be applied to estimation of stem volume.
Popescu et al. (2004) and Means et al. (1999), for example, found very close agreement between
their estimates of stem volume and biomass from remote sensing. Because variation in wood
density is important in global estimation of biomass across regions and forest types (Baker et al.
2004) estimation of volume may be more accurate than biomass in some ecosystems or at regional
scales. More studies are needed on the relative accuracy of volume and biomass estimates across
diverse forest ecosystems to evaluate this possibility.

4.3.2 Forest Height and Biomass: a Strong Positive Correlation

Tree height and/or diameter, because of the unique constraints of plant structure, is positively
correlated with tree biomass within a species (Chave et al. 2005; West et al. 2009; Dubayah et al.
2000). Using well-established allometric relationships, biomass can be calculated from tree
diameter, height, and/or wood density (Chave et al. 2005; Schroeder et al. 1997). Remote sensing
cannot directly measure wood density, but correlative forest inventory data can use species-specific
or region-specific allometric equations to provide accurate estimates of biomass (see Section 3.1.3).
Forest height can be measured from a variety of remotely sensed data (see above) and used to
estimate biomass (Kellndorfer et al. 2004; Palace et al. 2008, Pflugmacher et al. 2009). Although
diameter, height, and wood density are central variables, biomass estimates can be improved by
using additional forest structure variables (e.g., canopy width, canopy volume) (Dubayah et al.
2000; Palace et al. 2008; Popescu et al. 2003).

4.3.3 Estimating Biomass using SAR Backscatter

The magnitude and polarity of SAR backscatter is sensitive to forest structure, with shorter
wavelengths (C-, X-bands) interacting primarily with canopy elements, and longer wavelengths
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interacting primarily with branch, trunk, and ground elements (L-, P-, VHF-bands). Backscatter
responds to the density of biomass at different heights, and it can be used to estimate biomass.
However, backscatter intensity from C and X band SAR tends to saturate at relatively low levels of
forest biomass (25-50 megagrams per hectare [Mg/ha]), Rosenqvist et al. 2003). L-band SAR
saturates at varying levels (60-150 Mg/ha; Patenaude et al. 2005), depending on species
composition and forest structure. P-band SAR saturates at a higher range (100-200 Mg/ha), again
dependent on forest biota and structure (Patenaude et al. 2005), and VHF-band SAR is quite
sensitive to forest biomass and does not have appreciable saturation as biomass increases
(Fransson et al. 2000; Patenaude et al. 2005). P-band SAR and experimental VHF-SAR sensors are
mounted in aerial systems now, but neither band will be represented in orbit in the 2009-2015
window unless the P-band BIOMASS satellite proposal is approved by the European Space Agency
(Le Toan 2008).

Pateneude et al. (2005) reviews11 studies and finds that accuracy of biomass predictions from
SAR vary between 50 and 96 percent of observed variation, across a variety of forests and bands.
SAR backscatter returns are sensitive to topography, variation in soil and canopy moisture, and
changes in forest structure (Kellndorfer et al. 1998; Kasischke et al. 1997). In hilly areas,
backscatter must be corrected by a high-resolution DEM because of shadowing, layover, and other
angular effects. If a high-resolution DEM is not available, the accuracy of biomass estimates from
SAR decreases (Kellndorfer et al. 1998; Ticehurst et al. 2004).

Polarized SAR and multiband SAR provide more detail about forest structure, and improve
biomass estimates (Dobson et al. 1995b; Rosenqvist et al. 2003). Askne et al. (2003) use short and
long wavelength InSAR to estimate biomass in a boreal forest within 15 percent of ground
estimates, while Balzter et al. (2007), using a similar method, is able to estimate biomass in a
deciduous forest within 36 percent of estimates. Recent research has measured tropical forest
biomass with +/-15 percent accuracy using L-band polarized SAR (up to 150 mg/ha) and with P-
band polarized SAR (up to 300+ mg/ha) (Saatchi et al. in review).

Polarized backscatter estimates of biomass may be combined with height-based estimates of
biomass from InSAR to increase the range of forest biomass that can be accurately measured from
SAR (Saatchi et al. in review). These estimates are complementary: estimates of biomass from tree
height are more accurate as tree height increases, while backscatter is less accurate with increasing
height (Sexton et al. 2009, Saatchi et al. in review; Le Toan 2008). In Central America, a SAR-InSAR
combination method has been found to increase the saturation point of L-band (to 200 t/ha) and
increase the accuracy of L- and P-band (Saatchi et al. in review). The BIOMASS and DESDynl
missions (P-band and L-band, respectively) will use this combination approach to global biomass
estimation, which may lead to frequent, 100-m resolution estimates of a broad range of forest
biomass (Le Toan 2008; Donnellan et al. 2008).

4.3.4 Indirectly Estimating Biomass from Forest Spectra

A number of studies have correlated passive remote sensing measurements to net primary
productivity and biomass (Lu 2006; DeFries 2008; Goetz et al. 2005; Baccini et al. 2008). Several
vegetation indices derived from passive remote sensing are well correlated with leaf area index
(LAI), fraction of absorbed photosynthetically active radiation (fAPAR), and other measurements of

£ RFF | FAGAN AND DEFRIES 59



productivity (Gao et al. 2000). Net primary productivity is modeled from either LAI estimates or
fAPAR estimates; both approaches have been shown to be relatively accurate (Luus and Kelly 2008)
even though LAI estimates saturate at 2-4 leaves per unit area (Gao et al. 2000). Most passive
sensors (MODIS, Landsat, GeoEye) can estimate fAPAR and LAI, and productivity is linearly
correlated with biomass at low levels of biomass (<200 Mg/ha, Keeling and Phillips 2007; Luus and
Kelly 2008). In low-biomass systems, including many temperate, boreal, and dry tropical forests,
passive sensors are capable of estimating biomass directly from vegetation indices (Lu 2006;
Muukonenen and Heiskanen 2007).

Houghton et al. (2001) compare two biomass maps of the Amazon basin from remote sensing
(MODIS and AVHRR) and find little spatial agreement between them but overall agreement on total
biomass (~10 percent difference). Piao et al. (2009) model productivity and biomass across China
and find good agreement between remotely sensed biomass and productivity estimates and two
other independent estimation methods. Baccini et al. (2008) use a combination of MODIS and
ground data to model Africa’s biomass with 80-90 percent accuracy. Houghton et al. (2007) use
MODIS to map biomass across Russia and are able to predict 60 percent of the variation, although
within-site error was highly variable. Zheng et al. (2004) employs Landsat 7 and data on forest age
and composition to predict aboveground biomass (AGB) with 67 percent accuracy. Blackard et al.
(2008) use a combination of ground data, coarse- and moderate-resolution imagery, and GIS layers
to generate a biomass map of the United States with variable predictability (0.31-0.73 across
regions). Foody et al. (2003) use Landsat spectral data and a neural network algorithm to predict
biomass at three tropical forest sites with 71-84 percent of the variance explained. However, in the
study by Foody et al. (2003), vegetation indices optimized to predict biomass at one site have very
poor performance at other sites, underscoring the difficulty of developing general spectral
relationships across moderate-resolution imagery taken in different seasons, cloud levels, and
lighting conditions (Schroeder et al. 2006, but see Woodcock et al. 2001).

The biomass-productivity relationship saturates in tropical and high-biomass temperate forests
(>200 mg/ha, Keeling and Phillips 2007), so attempts to estimate biomass there often use other
metrics besides spectral response, including image texture and forest age (Lu 2006). As reviewed
above (Section 4.2.5), high-resolution image texture can be used to derive forest structure metrics
(e.g., canopy width, height) (Wolter et al. 2009), which then could be used to estimate biomass
through allometric relationships (Palace et al. 2008; Broadbent et al. 2008). However, Song (2007)
shows that the accuracy of this canopy-delimitation approach is low in forests with overlapping
canopies. In dense tropical forests, Broadbent et al. (2008) also find that biomass estimates had low
accuracy (excluding emergent trees) and emergent trees covered smaller tree canopies from view
and made detailed ground data correction necessary for any biomass estimates. In more open,
lower-biomass forests, texture metrics can aid spectral estimates of forest structure and biomass
(Lu 2006; Wolter et al. 2009). Although texture metrics based on high-resolution imagery are
limited in areal coverage and dependent on local ground data and radiometric correction, the
metrics could be a valuable adjunct to more accurate, spatially coarse LIDAR measurements of
forest structure (Wolter et al. 2009).

Forest biomass can be indirectly estimated by using remote sensing to map forest age classes
(Castro et al. 2003; Chambers et al. 2007). If accurate local relationships can be developed between
biomass and detectable forest age classes (e.g., Zheng et al. 2004), the distribution of forest age
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classes across the landscape can be used to estimate biomass and model future productivity
(Sanchez-Azofeifa et al. 2009; Castro et al. 2003; Lu 2006; Zheng et al. 2004; Helmer et al. 2009).
However, secondary forests over 15-30 years of age are difficult to distinguish from mature forests
using forest spectra (Steininger 1996; Nelson et al. 2000; Song et al. 2007). Secondary forest also
varies markedly in its growth rate due to a variety of factors, including species composition,
climate, land use history, soil fertility, human disturbance, and regional differences (Nelson et al.
2000; Castro et al. 2003; Sanchez-Azofeifa et al. 2009). Both of these facts present severe challenges
to using forest age classes as a predictor of forest biomass, in addition to the intensive fieldwork
required to establish a relationship between forest age and biomass (Castro et al. 2003; Uhl et al.
1988; Zheng et al. 2004; but see Helmer et al. 2009). Sanchez et al. (2009) argue that improving the
detection of forest age classes is a critical goal for forest carbon measurement. However, continuing
human disturbance from logging and fires (e.g., Alencar et al. 2006; Asner et al. 2006; Uhl et al.
1988), as well as the variability in forest regrowth biomass with age (e.g., Helmer et al. 2009) make
forest age a metric of questionable utility in measuring global biomass. Direct estimation of forest
regrowth biomass and productivity is a more parsimonious goal, and it may be achievable with
expected advances in the spectral and spatial resolution of sensors, polarized and inferometric SAR
satellites and constellations, increased LIDAR coverage, and improvements in modeling forest
reflectance.

4.3.5 LIDAR Estimations of Biomass

LIDAR is considered a promising approach to estimate local forest biomass (Lu 2006) because
direct measurement of forest canopy structure and height can be converted to biomass using
allometric equations (Dubayah et al. 2000; Broadbent et al. 2008; Chave et al. 2005). Earlier in this
report, we reviewed the basic capabilities of LIDAR technology (Section 2.2.2), the high accuracy of
LIDAR in measuring forest height (usually with height errors of less than 1 m, Section 4.2.2), and
the variable but often high accuracy of LIDAR in estimating forest volme (Section 4.3.1). The
accuracy of LIDAR in estimating biomass is also often good but methods differ among LIDAR
technologies.

Small-footprint LIDAR, taken from aerial sensors, excels at measuring forest height and
delimiting canopy width and overall structure. With this technology, biomass is usually estimated
by its correlation with forest height and/or canopy widths. It is challenging to distinguish ground-
returns in dense forests but algorithms exist for efficient processing of small-footprint data even in
these challenging conditions (e.g., Clark et al. 2004). Small footprint LIDAR has achieved poor to
very high accuracy in estimating forest biomass with many studies having accuracy in excess of 80
percent (Patenaude et al. 2005). Patenaude et al. (2005) review several temperate forest studies
with predictive accuracies between 45-91 percent, and Popescu et al. (2004) observe predictive
accuracies between 32-81 percent in deciduous and pine forests, respectively. Asner et al. (2009)
are able to use small-footprint LIDAR to predict biomass in tropical Hawaiian forests with 78
percent accuracy, Nelson et al. (2007) estimate biomass in temperate North Carolina pine forests
with 93 percent accuracy, and Naesset and Gobakken (2008) estimate biomass in boreal forests
with 88 percent accuracy. Zhao et al. (2009) use LIDAR height distributions to estimate forest
biomass in east Texas with up to 95 percent accuracy. Similarly, van Aardt et al. (2008) use small-
footprint LIDAR to both distinguish temperate forest types and estimate their biomass with greater

£ RFF | FAGAN AND DEFRIES 61



than 95 percent accuracy. As with estimation of forest volume, it is difficult to assess whether the
observed variability in accuracy arises from the methods used, from regional variability among
forests in growth form, or from regional variability in species wood density.

Large-footprint LIDAR, with its full waveform describing three-dimensional canopy structure, is
well correlated with biomass. In temperate and boreal forests, predictive accuracies of biomass
from aerial, large-footprint LIDAR have ranged between a low of 61 percent (northeast United
States, deciduous; Andersen et al. 2006) and a high of 95 percent (Pacific northwest conifers, Means
et al. 1999). In studying three U.S. biomes, Lefsky et al. (2002a) achieve 84 percent accuracy.
Nilsson (1996) predicts biomass for Scots pine with 78 percent accuracy, and Hyde et al. (2005)
predict 86 percent of mountain conifer biomass in a U.S. study. In northern China, Sun et al. (2007)
predict biomass with 73 percent accuracy and Bordreau et al. (2008) achieve 81 percent accuracy
in boreal Russia. In tropical forests, predictive accuracies of biomass from large-footprint LIDAR
have been between 66 and 93 percent (Drake et al. 2003, 20023, b). Drake et al. (2002b) find that
one parameter (HOME) from the LIDAR waveform was highly predictive of forest biomass across
sites. Baccini et al. (2008) use that relationship to validate a regional map of African biomass with
ICESat GLAS sampling.

Because of the close correlation with global forest height and biomass (Lefsky et al. 2007;
Helmer et al. 2009), LIDAR pulses from the orbiting ICESat GLAS satellite have provided a wealth of
data for forest biomass mapping and validation (Baccini et al. 2008; Helmer et al. 2009; Bordreau et
al. 2008; Nelson et al. 2008; Phlugmacher et al. 2008). The launch of DESDynl promises to increase
this new source of global biomass data, but both ICESat and DESDynlI will collect data at coarse
spatial resolution: measurement sites will be separated by several kilometers (Oberto et al. 2008;
NASA 2009a). For the near future, all LIDAR satellites are expected to sample only at coarse
resolution.

Overall, LIDAR has the potential for good to high accuracy and can measure both forest canopy
height and ground elevation, thus overcoming a key limitation of current SAR and InSAR
approaches to estimating biomass. The greatest limitation of LIDAR mapping of biomass is the
coarse spatial resolution of satellite LIDAR sensors and the narrow swath of aerial LIDAR sensors.
These limits can potentially be overcome by integrating LIDAR data with other remote datasets that
have greater resolution or swaths (e.g., InSAR, passive; see below for more detail). Fusion of LIDAR
data with other types of imagery will allow accurate estimates of biomass on a global scale (Baccini
etal. 2008; Anderson et al. 2008; Donellan et al. 2008).

4.3.6 Fusion Approaches to Estimating Forest Biomass

Three main data sources play a role in estimating biomass: GIS data layers, geo-referenced
ground data, and satellite imagery (Gibbs et al. 2007; DeFries et al. 2007). It is possible to fuse all
three. Biomass estimates from remote imagery can be improved by using any number of geo-
referenced data layers: bioclimatic surfaces, roads, general habitat classifications, population layers,
and/or ground data (Baccini et al. 2004; GOFC-GOLD 2008; Saatchi et al. 2007; Herold and Johns
2007; Blackard et al. 2008). The volume of global GIS data is growing; coarse-resolution, global
analyses of human impact on forests are now possible (Sanderson et al. 2002). It is possible to
discount forest carbon estimates by measures of human impact, including road density and
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population (GOFC-GOLD 2008; Gibbs et al. 2007). Saatchi et al. (2007) use elevation data and a
variety of remote sensing data to estimate biomass across the Amazon basin; comparison with
bioclimatic layers indicates that dry season rainfall might be a good additional predictor of biomass.
Baccini et al. (2004) use a combination of land cover classification from MODIS data, ground
inventory data, and climate and topographic GIS layers to predict biomass in California with 73
percent accuracy. Baccini et al. (2008) use a similar approach with ground data in Africa to
accurately predict biomass but find that GIS layers do not improve the analysis. Walker et al. (2007)
use ground data, national GIS layers, and both passive and active remote sensing data to create an
accurate (r=0.88) map of forest basal area for central Utah.

Fusion with ground data can provide additional attributes and accuracy to mapped forest
classes (Baccini et al. 2004). This approach can also provide continuous data that can be integrated
across regions—tree diameter data, for example, has improved allometric estimates of biomass
from LIDAR (Means et al. 1999). Boudreau et al. (2008) use a combination of ground data, aerial
LIDAR data, satellite LIDAR data, elevation data, and moderate-resolution land cover classification
to estimate biomass for the boreal forests of Quebec. Similarly, Nelson et al. (2008) use ground data
to parameterize biomass estimates from GLAS, and then extend the GLAS estimates regionally using
MODIS land cover classifications. Anderson et al. (2006, 2008) find that by including ground data on
forest composition, GLAS LIDAR estimates of forest biomass are significantly improved. The
authors also show that this forest composition data could be estimated accurately by high-
resolution hyperspectral data.

The fusion of remote sensing data to predict ground validation datasets is an increasingly
common practice with great potential (Rosenqvist et al. 2003). Saatchi et al. (2007) integrate a
variety of SAR and passive sensors to estimate Amazon biomass in 16 forest classes with 81-91
percent accuracy. Moghaddam et al. (2002) find that a SAR-Landsat fusion is twice as accurate as
Landsat alone in estimating conifer foliage biomass. Treuhaft et al. (2003) use hyperspectral and
InSAR data to estimate forest biomass in Oregon with +/- 16 percent error. Hyde et al. (2006) fuse a
variety of data sources (SAR, InSAR, LIDAR, high- and moderate-resolution passive) and find that a
LIDAR-Landsat fusion predicts biomass the most accurately (80 percent of the variance); an all-
sensor fusion is only slightly more accurate (83 percent). Helmer et al. (2009) use global
relationships between GLAS data and forest biomass to estimate biomass directly in Brazil, then
extend those results to Landsat-derived regional forest age classes. Combining the global GLAS
datasets with existing land-cover maps is one promising new fusion method, out of many, for
improving global forest biomass estimates in the 2009-2015 time period.

4.4 Estimating Forest Carbon Stocks from Remotely Sensed Data

Satellite imaging can tell us much about global carbon stocks, but there are limits to its
accuracy. Dry biomass is approximately 47-55 percent carbon by weight (IPCC 2006), so
aboveground biomass estimates from remote sensing can be simply converted into aboveground
carbon (AGC) stock estimates (Gibbs et al. 2007). Depending on the method used (e.g., SAR vs.
spectra), however, remote sensing may not include dead trees in its estimate of AGC stocks. In
addition, satellite and aerial estimates of forest carbon are fundamentally limited to aboveground
carbon. Remote sensing cannot measure litter, root, and soil carbon stocks, which can be
considerable (GOFC-GOLD 2008; Malhi et al. 1999; Page et al. 2002; but see Foster et al. 2002).
Belowground (root) carbon averages around 20-30 percent of AGC globally (Cairns et al. 1997), but
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varies from 9 to 26 percent in forests across the Amazon basin (Houghton et al. 2001). National
estimates of carbon stocks often simply adjust aboveground carbon stock estimates by uniform
percentages (e.g., 30 percent) to estimate total nonsoil forest carbon stocks (Gibbs et al. 2007;
Houghton et al. 2001). Differing methods of estimating dead and belowground carbon lead to much
of the observed variation in forest carbon stock estimates (Houghton et al. 2001).

Modeling soil carbon emissions is important in forests: the amount of carbon in litter, nontree
vegetation, and soil stocks vary markedly with latitude, forest type, and soil type, but soils alone
make up, on average, 49-84 percent of total forest carbon stocks (Table 1; Malhi et al. 1999; GOFC-
GOLD 2008). Not all of the soil carbon is emitted with deforestation, but emissions from soil carbon
stocks can account for a significant percentage (10 percent or greater) of emissions from
deforestation and degradation, especially in northern forests and peat swamps (Houghton 1999;
Page et al. 2002). For example, one study estimates that that the 1997 burning and deforestation of
Indonesian peat swamps released 253 tons of carbon per hectare, which constituted between 13
and 40 percent of total global carbon emissions that year (Page et al. 2002). Although global maps
of soil carbon do exist, the accuracy of the maps is difficult to assess with available data (GOFC-
GOLD 2008). In the paragraphs below we review the different methods of estimating forest
aboveground carbon stocks on a global scale.

4.4.1 Aboveground Carbon Stocks Estimates: Inventory and Remote Sensing

Forest inventories are a starting point for estimating forest aboveground carbon (AGC) stocks
by providing measures of tree diameter, tree height, species composition, and density. Applying
general allometric equations then allows estimation of tree volume, biomass, and carbon (Chave et
al. 2005; see Table 4). Allometric equations are derived from harvesting, drying, and weighing trees
in forest plots and can be site- and species-specific if enough sampling is done (Gibbs et al. 2007).
General allometric equations developed across forest types are highly accurate at predicting AGC
stocks in local forest plots (Chave et al. 2005; Schroeder et al. 1997) in combination with species-
specific wood-density data (Baker et al. 2004). In the tropics, cross-species, stand-level estimates of
wood density lead to decreased accuracy in biomass estimation (Baker et al. 2004).

Once aboveground tree carbon is accounted for, carbon in other vegetation, litter and soils can
be inventoried as well to improve estimation accuracy and carbon in tree roots is usually estimated
as a function of tree size (20-30 percent; Gibbs et al. 2007; Cairns et al. 1997; GOFC-GOLD 2008). If
soil information is not included in the forest inventory the decrease in total carbon estimation
accuracy can be marked (GOFC-GOLD 2008; Malhi et al. 1999) but accurate AGC estimates can be
combined with global soil carbon maps to get estimates from existing forest inventory data (GOFC-
GOLD 2008).

In comparison to remote sensing estimates, forest inventory estimates of total AGC are
considered more accurate although they too have estimation inaccuracies (Gibbs et al. 2007;
Saatchi et al. 2007; Chave et al. 2005; Baker et al. 2004). On the global scale, however, plot-level
measurements of AGC are essentially point measurements. Simple interpolation between plots fails
to capture the full range of spatial variation in biomass across landscapes (Houghton et al. 2001;
Gibbs et al. 2007). As a result, there is a wide range of methods to estimate AGC stocks; Goetz et al.
(2009) reviews (and names) several common methods for estimating regional AGC stocks,
including:
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e  “Stratify and Multiply”: assigning inventory-derived biomass values to land cover classes,

e “Combine and Assign”: using GIS data layers and land cover classes to modify biomass
estimates within classes (a version of the above), and

e “Direct Remote Sensing”: using field data to train a rule-based algorithm until it has an
optimal prediction of biomass from remotely sensed data.

All of these methods involve both remote sensing and ground inventory data. Inventory data
are necessary to estimate forest carbon stocks but these data alone are not sufficient. Goetz et al
(2009) discusses the advantages and disadvantages of each approach and we summarize that
analysis here. Use of discrete land cover classes and discrete biomass values (one per land cover
class) is a Stratify and Multiply approach. Combine and Assign generates discrete land cover classes
and continuous biomass values (varying with GIS layers). The Direct Remote Sensing approach
generates continuous land cover values and continuous biomass estimates (which starts, in the
training data, from continuous spectral data and discrete local biomass values).

Each of these approaches can be useful (Goetz et al. 2009). For example, existing land cover
maps (e.g., GLOBCOVER) could be used in a Stratify and Multiply approach as a Tier |
approximation of global AGC stocks (GOFC-GOLD 2008). To detect forest degradation near roads,
road GIS data could be used to lower biomass estimates in a Combine and Assign approach (GOFC-
GOLD 2008). Although it was not originally conceived as such, the DRS approach in Goetz et al.
(2009) could utilize GIS data and also perform rule-based classification of land covers into biomass
categories at the pixel scale. Where sufficient data are available, DRS is arguably the right approach
for two reasons: the approach uses the original data and yields continuous estimates of biomass.

As Goetz et al. (2009) illustrate, the use of broad land cover classes to detect change in biomass
over time ignores within-class heterogeneity and compounds classification error between land
cover maps. Using raw remote sensing data and continuous estimates eliminates errors from the
previous classification and homogenization of complex landscapes. As a result the DRS approach
will have higher resolution and likely higher accuracy when estimating carbon stocks.

Even with the advantages of DRS, discrete land cover mapping will remain essential.
Continuous maps of biomass and productivity from DRS would be most useful if they were
integrated with detailed land cover maps for two reasons. First, research into distinguishing land
covers (e.g, Sesnie et al. 2008) identifies techniques and remote sensing data that would improve
the rule-based classification algorithms that produce continuous maps. Second, land cover
classification is important for land-use planning and global modeling. Current carbon and climate
models require land cover information to make accurate projections (DeFries 2008). Human land-
use introduces discrete boundaries, distinct land-uses, and legacy effects to forests that varied
continuously in biomass (Asner et al. 2009; Uhl et al. 1988; Uriarte et al. 2004). Discrete land cover
classification allows evaluation of human land cover decisions (e.g., determining if biomass is
decreasing due to oil palm plantations replacing intact forest, or due to logging following road
construction). Land cover information also can alter future projections for biomass recovery; in
Brazil, forest regrowth has similar biomass to intact primary forest on sandy soil, but regrowth has
a very different range of expected growth rates (Castro et al. 2003; Uhl et al. 1988).
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4.4.2 From Stocks to Fluxes: Integrating Carbon Pools and Flows

Models are required to integrate carbon fluxes and stocks on a global scale and to calculate
carbon emissions from forests (van der Werf et al. 2006). As noted in Section 4.4, aboveground
carbon stocks represent less than half of total carbon in forests on average (although this varies
greatly between forests; see Table 1). In this report we have not dealt with dynamic carbon gas
fluxes from land-use change, which can be fast or slow (e.g., tree stump decay in deforested pasture;
Crutzen and Andreae 1990), or with changes in non-AGC stocks (e.g., loss of litter in burned
forests). Dynamic carbon fluxes, especially in belowground carbon, are difficult to measure directly
and are usually modeled (e.g., van der Werf et al. 2006). We have focused instead on how remote
sensing can directly measure two important data inputs to carbon models: aboveground carbon
stocks (area x biomass), and changes in those stocks over time (deforestation, reforestation, net
growth) (DeFries et al. 2007). Model estimates of forest carbon fluxes can be also be improved,
however, by satellite measurements of carbon gas uptake and release, vegetation productivity, and
the extent and frequency of forest fires (Palmer 2008; Ramankutty et al. 2007; Rosenqvist et al.
2003; Roy et al. 2005; Alencar et al. 2006; Gibbs et al. 2007; Chuvieco 2008; Heinsch et al. 2006; Liu
etal. 2002).

The topic of carbon gas fluxes is reviewed extensively elsewhere (Chuvieco 2008; Palmer 2008)
and is dealt with only briefly here. The worldwide network of eddy covariance towers,
supplemented by bottle data and orbiting carbon-gas measuring satellites, sample carbon gas fluxes
over time from vegetation (Palmer 2008; Baldocchi 2008). For example, the IBUKI satellite
measures carbon dioxide and methane at 10.5kkm resolution globally every three days and is
improving our understanding of global carbon sources and sinks (Palmer 2008). This data-
collection network, by measuring carbon gas fluxes, is able to capture carbon stock changes from
forest degradation (as exposed litter and wood decompose to carbon gases) and vegetation
productivity (as vegetation uptakes carbon dioxide to grow). Although the measurements depend
on modeling to separate aboveground fluxes from belowground fluxes, carbon gas flux
measurements provide an independent, ultracoarse-resolution metric by which to evaluate the
higher-resolution estimates of aboveground, net primary productivity derived from passive sensors
like MODIS and AVHRR (Heinsch et al. 2006; Xaio et al. 2008).

Biomass burning, in addition to depleting carbon stocks (Chuvieco 2008), has a number of
effects on regional air quality, hydrological cycles, and even soil fertility (Crutzen and Andreae
1990). Fires are detectable by a number of high-revisit, coarse-resolution passive sensors with
thermal bands (e.g.,, MODIS, AVHRR, ATSR), by GOES several other ultracoarse resolution sensors,
and by several moderate-resolution sensors (e.g., ASTER, Landsat) (Chuvieco 2008; Schroeder et al.
2008b). Real-time, global fire mapping is ongoing at 1-km resolution using MODIS and future
satellites will continue this effort (e.g., NPOESS) (Davies et al. 2009). Global fire monitoring has
been invaluable in aiding fire detection in wilderness areas and in contributing to carbon and air
quality models (Davies et al. 2009; Chuvieco 2008). Although modeling can overcome some of the
problems in current global fire detection, shortcomings include lower chances of fire detection in
cloudy areas, difficulty in detect understory fires in dense forests, and the inability of coarser-
resolution sensors to detect the majority of smaller fires (Schroeder et al. 2008a, b). Even when
fires cannot be detected using direct means, both passive and SAR sensors are able to map burn
scars (Giglio et al. 2005; Siegert and Ruecker 2000). Modeling carbon emissions from fires for
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carbon emission requires detailed information on vegetation biomass in either active fire locations
or burn scars (Chuvieco 2008). Accurate estimates of fire radiative power (FRP) are also a good
proxy for biomass lost, but they require frequent measurements by a passive thermal sensor with a
large dynamic range to prevent saturation (Giglio et al. 2006). Giglio et al. (2006) map global
patterns in FRP using MODIS, and Roberts et al. (REF-2005) are able to predict 90 percent of
variation in fire biomass emissions in southern Africa with the geostationary SEVIRI sensor.
Currently, only MODIS and some geostationary satellites meet the revisit and sensitivity
requirements for calculating FRP (Giglio et al. 2006), but several fire-detecting coarse- and
moderate-resolution fire sensors are planned for launch in the next six years, including the NPOESS
series, the higher-resolution GOES ABI sensors, and the SAC-D fire satellite (Appendix). As global
biomass maps and satellite measurements of FRP improve, modeled estimates of biomass
emissions from fire will also continue to improve.

Carbon modeling is critical to any global forest monitoring effort as a method of integrating
aboveground carbon stock measurements with belowground carbon estimates and important
carbon fluxes (e.g., the effect of fires, or soil uptake of carbon) (e.g., van der Werf et al. 2006). Such
modeling can also make possible independent tests of biomass and productivity estimates using
ground data (e.g., eddy covariance measurements of carbon dioxide). Future advances in remote
sensing will help to decrease uncertainty in carbon models by improving the accuracy of
measurements of land cover, standing biomass, vegetation productivity and decomposition, and
emissions from biomass burning.
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Chapter 5. Forests from Space: Unparalleled Measurements,
Timely Moment

With developments in satellite technology and the globalization of GIS layers we can view the
whole earth with more detail than ever before. These developments lead to a timely moment for
global forest monitoring, an effort further enhanced by technological innovation and an
accumulation of forest inventory data (Herold 2009). With the tools now at hand a global forest
monitoring effort can be guided by principles of repeatability, longevity, and accuracy. To be
successful, monitoring will have to reduce the greatest sources of error in measuring forest
characteristics. Currently forest area can be measured quite accurately but only at a coarse, two-
class resolution. Forest biomass and carbon stocks cannot be estimated at high resolution but
conservative estimates are possible by combining forest inventory and LIDAR data with more
spatially extensive satellite imagery. This concluding chapter examines how current satellite data
and expected sensor launches between 2009 and 2015 could be used in a global forest monitoring
effort.

5.1 Improving Forest Biomass and Carbon Estimates

In global forest measurement, estimates of forest biomass and carbon are the most variable
because it is difficult to estimate existing stocks reliably and detect when those stocks have
decreased (Houghton 2005). In general, remote sensing is much better at detecting large, canopy-
level changes in biomass than small (subpixel), below-canopy changes in biomass (Peres et al.
2006; DeFries et al. 2007; Broadbent et al. 2008). Variable conditions of illumination, elevation, and
moisture make detection of temporal change more challenging (Sanchez-Azofeifa et al. 2009; Asner
2001; Kellndorfer et al. 1998; Schroeder et al. 2006). From the standpoint of cost, image
availability, and repeat time, global efforts to map forests will not be able to use large amounts of
high-resolution imagery to detect small-scale forest changes (e.g., logging; Achard et al. 2007;
DeFries et al. 2007; Rosengqvist et al. 2003). As stated in Chapter 4, it is more desirable to use other
types of sensors to detect changes in aboveground forest biomass and structure. Several steps can
be taken to reduce uncertainty in area, biomass, and carbon estimates from satellite sensors.

5.1.1 First-Order Uncertainties: Forest Area

Because even degraded forests contain a large amount of biomass relative to agricultural
ecosystems, measuring intact and degraded forest area is the first step in forest biomass estimation
(DeFries et al. 2007; Ramankutty et al. 2007; Houghton 2007). Forest/nonforest area (a Level I
classification) can be mapped with very high accuracy, but the only global forest maps are at a
coarse-scale and miss the majority of deforestation. Global, moderate-resolution estimates have
been made by subsampling (Achard et al. 2008). Further, it is not possible to distinguish tree
plantations, agroforestry, and forest regrowth from mature forest using current coarse-resolution
forest maps (Sanchez-Azofeifa et al. 2009; Hansen et al. 2008). Given the increase in tropical forest
regrowth in deforested areas (Asner et al. in press) and the rapid expansion of tree plantations
globally (FAO 2006), these shortcomings have large and growing importance for global biomass
estimates.
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Moderate-resolution optical time series have been used in several national mapping efforts and
have enabled mapping of forest types and deforestation with medium to good accuracy (Section
4.1.5). This approach could be used to map global forest area to Level Il forest types, although
achieving good global accuracy would be challenging. As an added benefit, these series extend back
to before1980.

5.1.2 Forest Area and the Promise of New Technology

Between 2009 and 2015, global high-resolution coverage will likely be achieved by the GeoEye
and RapidEye constellations. This global dataset will be invaluable in validation and algorithm
training for forest monitoring efforts. The geostationary GOES satellite constellation, among others,
should improve to 1-km resolution at nadir and make real-time, coarse-resolution deforestation
detection possible. The launch of several moderate-resolution satellites would continue these
imagery series, increase the number of bands available for multispectral land cover mapping, and
make possible highly accurate, hyperspectral global land cover maps. The dramatic increase in the
number of SAR satellites, available bands, and constellations should make SAR-passive fusion a
common technique and allow multi-polar and InSAR mapping of land cover and structure. The
creation of annual forest maps from ALOS is a first effort in this direction (Kellndorfer et al. 2008).
Opening the Landsat archive has enabled several new efforts, including the reanalysis of past
imagery, the use of temporal information in classifying moderate-resolution images (e.g., Helmer et
al. 2009), and the creation of global, moderate-resolution land cover classifications (e.g.,
Cunningham et al. 2002). All of these developments should help to increase the accuracy of land
cover mapping, both past and future.

5.1.3 Second-Order Uncertainties: Forest Biomass, Degradation, and Global Change

Forest biomass and carbon can be estimated using fusions of passive, sensors, active
sensors, and field data although the accuracy of remote estimates depends on accurate field data
(see Section 3.1.3). The global availability of LIDAR data from ICESat GLAS, when combined with
MODIS imagery, SAR sensors, and large ground-truth datasets, has made regional biomass mapping
and validation feasible (e.g., Saatchi et al. 2007; Baccini et al. 2008; Boudreau et al. 2008). Unlike
forest area however, historical reference maps for global forest biomass do not currently exist.
Conservative estimates of baseline forest biomass will have to be generated from current remote
sensing and forest inventory data (Gibbs et al. 2007; GOFC-GOLD 2008; Rosengqvist et al. 2003;
Olander et al. 2008). The lack of reference biomass maps before 2005-2009 impedes both
international policy and scientific inquiry (Gibbs et al. 2007; Grainger 2008). Temporal change in
biomass is important for carbon modeling, monitoring forest degradation, characterizing forest
regrowth, and predicting forest carbon stocks. Rosenqvist et al. (2003) argue that it may be
possible to use the JERS-1 data to develop reference global biomass maps, but this is may be
unlikely given the low biomass saturation of L-band SAR. Given the number and variety of expected
active sensors in the next few years, a hindcasting approach that uses modern data to create past
biomass estimates might be possible (see below).

Large-scale human and natural disturbances—logging, fires, pest outbreaks, and global
warming—also cause uncertainty in forest biomass estimates. This uncertainty exists because these
disturbances are either difficult to detect (logging, some pest outbreaks, fires in cloudy areas) or
because effects are difficult to predict and pervasive (fires in tropical frontiers, global warming).
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Progress is taking place in detecting logging using moderate-resolution imagery (Asner et al. 2005)
and the increased number of high-resolution and SAR sensors in orbit (e.g., the RapidEye or
Sentinel-1 constellations) are likely to make the global mapping of structural changes in forests
possible (although at larger cost than previously). Determining how global forest biomass will
respond to the effects of tropical fires, deforestation-climate interactions, and increases in forest
respiration rates in a warmer world will require accurate inputs to carbon and climate models from
remotely sensed data, including land cover, fire frequency, carbon gas fluxes, phenology data, and
carbon stocks. To create these estimates, concerted global forest monitoring using both remote
sensing and ground data is required.

5.1.4 Forest Biomass and the Promise of New Technology

With the plethora of SAR bands, polarities, and constellations expected to launch between
2009 and 2015, a number of multi-band fusion possibilities will arise. The accumulation of LIDAR
data by new satellites and aerial sensors will refine biomass maps based on optical and SAR
sensors. It is likely that big steps forward will be taken in measurement of forest height, structure,
biomass, and ground elevation in the next few years because of the ICESat-2 mission, the DESDynl
and BIOMASS missions, and the wealth of SAR data. The development of forest biomass maps is
very likely in the near term particularly with the expected launch of DESDynl in 2015 and the
potential launch of BIOMASS in late 2015 or early 2016. Estimation of biomass from remote sensors
faces two key challenges, however. The first challenge is to collect adequate reference, or ground-
truth, data—we address this issue below. The second challenge is to create accurate reference
biomass maps for 2000 or 1990, like those requested by political agreements and scientists (Gibbs
etal. 2007; Rosenqvist et al. 2003). This challenge can only be solved by conservative estimates
and/or hindcasting.

Hindcasting past forest biomass from the current relationship of biomass with remote
sensing data is possible using, for example, either the Direct Remote Sensing (DRS) approach or the
Stratify and Multiply (SM) approach (Section 4.4.1). One possible DRS approach would combine a
still-to-be-developed ground-level DEM with reference InSAR data from the 1994 and 2000 shuttle
missions, creating global forest height maps (e.g.,, Walker et al. 2007; Kellndorfer et al. 2004). These
historic height maps could be converted into biomass estimates using current relationships
between InSAR heights and biomass (LIDAR- and ground-derived). These biomass estimates could
even be improved by fusing them with spectral information from the Landsat archive. Alternatively,
an SM approach could use ground, SAR, and LIDAR data to develop relationships between
moderate-resolution, Level Il land cover maps and current, conservative biomass estimates (e.g.,
Helmer et al. 2009). Historic, moderate-resolution Level Il land cover maps would be used to
estimate reference forest biomass.

In the next six years, multi-polar, repeat-pass InSAR and the GLAS and DESDynl footprint
archives will markedly improve DEM and BIOMASS measurements (ESA 2009; NASA 2009a, Saatchi
et al. in review). The eight-year MODIS record of vegetation productivity and its continuation by the
NPOESS, GCOM, and Sentinel-3 series will continue to be useful in monitoring land cover and
vegetation response to climate change. The record of MODIS in daily phenology and fire
measurement could be improved to real-time by coarse-resolution geostationary satellites. Global
modeling of carbon stocks and fluxes will be aided by all of these sensors. Global carbon gas
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monitors (e.g., IBUKI) and hyperspectral refinement of global leaf area estimates will also be
beneficial (DeFries 2008; Palmer 2008).

5.1.5 Improved Estimates Require Improved Ground-Truthing

Despite the promise of new technology, high-quality geo-referenced ground-truth data will
continue to be essential in validating and improving estimates from satellite imagery (Gibbs et al.
2007; Goetz et al. 2009). For example, one of the biggest causes of uncertainty in estimating
biomass in the Amazon and Congo basins is the lack of ground-truth forest inventory data over
large areas to train remote sensing algorithms (Saatchi et al. 2007; Baccini et al. 2008). Larger,
higher-quality ground-truth datasets improve estimates from remote sensing imagery (Foody
2002). To achieve accurate estimates, a global forest measurement effort will have to collate a large
number of existing ground-truth datasets and coordinate additional data collection in gap areas
(e.g., central Africa; Herold 2009) and needed measurements (regional wood density patterns;
Baker et al. 2004). [deally, ground-truthing and high-resolution LIDAR and optical imagery
(satellite or airborne) should both be used but collection of forest inventory data and aerial LIDAR
data has lagged behind satellite data collection in many countries (Herold 2009).

The dependence of accurate remote sensing estimates on large amounts of ground-truth data
has important implications for any global forest measurement effort. As noted in Section 3.5,
ground-truthing is usually the most expensive part of large-scale remote-sensing analysis. Different
types of ground-truthing (e.g., forest inventory, LIDAR, high-resolution optical) would need to be
coordinated in a sampling hierarchy for efficiency (Table 3; Patenaude et al. 2005; DeFries et al.
2007). In a global forest measurement effort, the logistical difficulties of air- and ground-access are
not trivial and careful coordination of aerial and ground data with satellite imagery is a practical
necessity (Achard et al. 2007; GOFC-GOLD 2008; Rosenqvist et al. 2003; DeFries et al. 2007).

5.2 In Conclusion: Toward Improved Measures and Monitoring

Accurate global estimates of forest area, forest structure, forest biomass, and carbon are
achievable using remote sensing technologies that are available now or that will come on-line by
2015. Forest biomass and forest carbon stocks cannot be measured directly but conservative
estimates are possible using fusions of current forest inventory data and satellite imagery. Global
measurement of biomass should be possible with new remote sensing technology especially from
2015 onward.

Any global effort to measure forests using remote sensing technologies will face several
technical challenges. Ground-truth data must be acquired across diverse countries and ecosystems
and shared globally. Creating global forest maps with high, regionally consistent accuracy is
demanding. Choices are necessary in selecting imagery with the appropriate trade-off in cost,
resolution, swath, and repeat time. Challenges also remain to process and fuse large amounts of
imagery in a globally consistent manner and to use new remote sensing technologies to measure
biomass accurately over large areas.

Surmounting these challenges will require planning, global coordination, and understanding of
the advantages and limitations of individual remote sensing technologies. Given the number of
inaccuracies in current global forest measurement by the FAO, country-level censuses, and other
bodies (Waggoner 2009), there is a need for improved monitoring of the world’s forests. Remote
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sensing has a strong track record in global forest measurement and planned sensor launches in the
next few years have even greater potential. Institutional arrangements that implement a systematic
approach, integrating satellite and ground-truth data, would allow us, for the first time in history, to
conduct accurate, global monitoring of the world'’s forests.
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Satellite, Sensor, and Remote Sensing Acronyms and Abbreviations

AirMISR
ABI

ALOS
ASTER
ATSR
AVHRR
Avnir-2
CBERS
CHRIS
COSMO-SkyMed
DESDynl
DETEX
DMC
DMSAR
EnMAP
Envisat
EO-1

EOS
ERS-1
FY-3

FY-4
GCOM-C1
GLAS
GLC 2000

GOES

Airborne Multi-angle Imaging Spectro-Radiometer

Advanced Baseline Imager

Advanced Land Observation Satellite

Advanced Spaceborne Thermal Emission and Reflection Radiometer
Along Track Scanning Radiometer

Advanced Very-High Resolution Radiometer

Advanced Visible and Near Infrared Radiometer—Type 2
Chinese-Brazilian Earth Resources Satellite

Compact High Resolution Imaging Spectrometer

Constellation of Small Satellites for Mediterranean Basin Observation,
Deformation, Ecosystem Structure and Dynamics of Ice satellite
Detection and Monitoring of Selective Logging Activities
Disaster Monitoring Constellation

Disaster Management SAR

Environmental Mapping and Analysis Program

Environmental Satellite

Earth Observing Satellite

Earth Observing Satellites

European Remote Sensing Satellite

Feng Yun-3

Feng Yun-4

Global Change Observation Mission

Geoscience Laser Altimeter System

Global Land Cover 2000

Geostationary Operational Environment Satellite
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HJ-1C
HRG
HySPIRI
HysSI
ICESat
IMS
InSAR
IRS
JERS-1
LDCM
LIDAR
MERIS
Meteosat
MetOp
MISR
MODIS
NPOESS
PALSAR
POLDER

PolinSAR

PROBA
Radarsat
SAOCOM
SAR
SEVIRI
SIR

SPOT-5

£ RFF

Huan Jing (environment)

High-resolution geometrical

Hyperspectral Infrared Imager

Hyperspectral Imager

Ice, Cloud, and Land Elevation Satellite

Interactive Multisensor Snow and lce Mapping System
Interferometric Synthetic Aperture Radar

Indian Remote Sensing

Japanese Earth Resources Satellite

Landsat Data Continuity Mission

Light Detection and Ranging

Medium Resolution Imaging Spectrometer
Meteorological Satellite

Meteorological Operational Satellite

Multiangle Imaging SpectroRadiometer

Moderate Resolution Imaging Spectroradiometer
National Polar-orbiting Operational Environmental Satellite System
Phased Array type L-band Synthetic Aperture Radar
Polarization and Directionality of the Earth's Reflectances

Polarimetry and Inferometry (to analyze images from at least two images from)
Synthetic Aperture Radars

Project for On Board Autonomy

Radar Satellite

Satélite Argentino de Observacién Con Microondas
Synthetic Aperture Radar

Spinning Enhanced Visible and Infrared Imager
Shuttle Imaging Radar

Satellite Pour |'Observation de la Terre
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SPOT HRG

SRTM

TanDEM-X

TerraSAR-X

TES-HYS

UAS

VENUS

VNIR

Acronyms

AGB

AGC

DBH

DEM

DRS

EOS

FAO

fAPAR

FIA

FRA

FRP

GeoCover LC

GIS

INPE

IPCC

LAI

Satellite Pour I'Observation de la Terre—High-Resolution Geometric
Shuttle Radar Topography Mission

Tandem Digital Elevation Mapping Satellite

Terra Synthetic Aperture Radar Satellite

Technology Experimental Satellite Hyperspectral

Unmanned Aerial Systems

Vegetation and Environment Monitoring

Visible and Near-Infrared

aboveground biomass

aboveground carbon

tree diameter at breast height

digital elevation model

direct remote sensing

earth-observing satellites

United Nations Food and Agriculture Organization
photosynthetically active radiation

U.S. Forest Service’s Forest Inventory and Analysis National Program
Forest Resource Assessments

fire radiative power

global, moderate-resolution land cover map
geographic information systems

Brazilian National Institute for Space Research
Intergovernmental Panel on Climate Change

leaf area index
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REDD
SM

UAE
UNFCCC

USGS
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reducing emissions from deforestation and forest degradation
stratify and multiply

United Arab Emirates

United Nations Framework Convention on Climate Change

United States Geologic Survey
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Appendix. Current and Near-Term Earth-Observing Satellite
Technology: An Overview

This guide to current and future (2009 to early 2016) earth-observing satellites is not an
exhaustive list. The authors attempted to cover all satellites that are likely to create regional to
global coverage, but anticipate that some satellites were accidentally missed. Most ultra-coarse (2+
km spatial resolution), military, and non-land imaging satellites were excluded.

The information provided in the section on “Future Satellites” is as current as possible, but
improvements in technology, delays in satellite launching, mission cancellations, and outdated
information sources are inevitable. The authors welcome corrections and updates from readers.

The satellites’ specifications in this appendix come primarily from publicly available
governmental and commercial websites. The following are the main sources used to compile the
appendix.

Committee on Earth Observation Satellites. 2009. Committee on Earth Observation
Satellites. http://www.ceos.org/ (accessed March 28, 2009).

eoPortal (sponsored and run by the European Space Agency). 2009. List of EO and non-EO
Satellite Missions.
http://directory.eoportal.org/missions_all_list.php?filter=&view_all&order=start_
date&dir=ASC (accessed July 23, 2009).

GOFC-GOLD. 2008. Reducing greenhouse gas emissions from deforestation and degradation
in developing countries: a sourcebook of methods and procedures for monitoring,
measuring, and reporting. GOFC-GOLD Report version COP13-2, edited by GOFC-
GOLD Project Office. Alberta, Canada: Natural Resources Canada.

Kramer, Herbert ]J. 2002. Observation of the Earth and Its Environment: Survey of Missions
and Sensors, 4th edition. New York: Springer-Verlag.

Powell, S.L., D. Pflugmacher, A.A. Kirschbaum, Y. Kim, and W.B. Cohen. 2007. Moderate
resolution remote sensing alternatives: a review of Landsat-like sensors and their
applications. Journal of Applied Remote Sensing 1.
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Current Moderate (200 to 15 m) Resolution Optical Sensors Relevant to Forest Mapping

Landsat 5 T™M 1984 USA V-TIR, 7 30m, 16 days 185 km Images every 16 days to any satellite Free. Formerly 600
bands receiving station. Operating beyond USS/scene, 0.02
expected lifetime. Continuous Gl to USS/kma2.
1985, spotty 1985 to present.
Landsat 7 ETM+ 1999 USA V-TIR, 8 30m (15pan), | 185km On April 2003 the failure of the scan Free. Formerly 600
bands 16 days line corrector resulted in data gaps USS/scene, 0.02
outside of the central portion of USS/km?
images, seriously compromising data
quality. Still operating. Continuous Gl.
Terra ASTER 1999 USA/ Japan | V-TIR, 14 15-30 m, 16 days | 60 km Data is acquired on request and is not 60 USS/scene, 0.02
bands routinely collected for all areas. Spotty | USS/km?
Gl, pointable.
EO-1 ALl 2000 USA V-SWIR,10 | 30m (10pan), | 37 km An experimental sensor, ALl's lifetime Free
bands 16 days was extended at the request of
researchers. Spotty Gl.
Eo-1 Hyperion 2000 USA V-SWIR, 30m, 16days. | 7.5km As an experimental sensor, Hyperion Free
220 bands. has had issues with signal-to-noise
ratio. Spotty GI.
Resourcesat-1 2003 India V-SWIR, 4 23.5 m, 24 days 142 km & | Constellation member, hosts two 860 USS/scene,
LISS-11I & AWIFS bands & 56 m, 5 days 730 km moderate-resolution sensors. 0.05 USS/km, &
Continuous Gl. 1790 USS/scene,
0.004 USS/km
IRS-1C/1D LISS-III 1995, 1997 India V-SWIR, 4 23.5 m, 24 days, 142 km & | Constellation twin satellites, each hosts | 860 USS/scene,
& WIFS bands & 2 & 188 m, 5 days. | 810 km two moderate-resolution sensors. 0.05 USS/km, &
bands Continuous GI? TBD
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CBERS-2, 2B 1999, 2003 China/ V-NIR, 5 20 m, 26 days 113 km Experimental; Brazil uses on-demand Free in South
HRCCD Brazil bands images to bolster their coverage. America, China,
Continuous over Brazil, Africa, and and Africa
China only.
CBERS/IR-MSS 1999, 2003 China/ V-TIR, 4 80-160 m, 26 120 km Mounted on the same satellites as the | Free in South
Brazil, bands days HRCCD sensor, above. Continuous America, China,
over Brazil, Africa, and China only. and Africa
DMC series 2002-2008. Algeria/ V-NIR, 3 22-32 m, daily 160-600 Commercial; Brazil uses alongside 585 €/scene, 0.048
China/ bands possible km Landsat data. Consists of multiple €/km?
Nigeria/ satellites in the same track. Continuous
Turkey/ UK. Gl.
SPOT 2 HRV 1990 France V-NIR, 4 20 m (10 pan), 2- | 60-117 km | Two sensors can expand width of 2000 €/scene, 0.5
bands 3 days image. Pointable, continuous GI. €/km?
SPOT 4 HRVIR 1998 France V-SWIR, 5 20m (10Pan), | 60 km Two sensors can expand width of 2000 €/scene, 0.5
bands 2-3 days image. Pointable, continuous GlI. €/km?
Proba CHRIS 2001 Europe V-NIR, 63 34m (17 mfull), | 17 km Experimental hyperspectral sensor
bands (18 TBD with extended lifespan. It has two
full) modes: full-resolution has fewer Free to
bands. Spotty GI. researchers, TBD
SAC-C HRTC 2000 Argentina | V-NIR, 1 35m, TBD 90 km This panchromatic camera has spotty Free
band Gl, with a concentration over South
America.
Monitor-E RDSA 2005 Russia V-NIR, 3 20 or 40 m, TBD 160 or Two sensing modes, higher or lower Cost TBD.
bands 890 km resolution.
IMS-1 MxT 2008 India V-NIR, 4 37 m, TBD 151 km This mini-satellite's imagery will be Free
bands provided to developing countries. It is
unclear whether this satellite's data is
available to the public.
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THEOS MS 2008 Thailand V-NIR, 4 15 m, 1-5 days 90 km Pointable, with a pan imager detailed Cost TBD.
bands in the high-resolution section.
HJ-1A/1B 2008 China V-NIR, 4 30 m, 4 days 360 or Pointable, two sensors. Onboard Cost TBD.
bands 720 km hyperspectral imager detailed in the
coarse-resolution section. It is unclear
whether this satellite's data is available
to the public.
WFC (Calipso) 2006 USA Vis, 1 band | 125 m, TBD 60 km This cloud imager is combined with a Cost TBD.
LIDAR instrument for analysis of
clouds.
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Current Coarse Resolution (>200 m pixel) Optical Sensors Relevant to Forest Mapping

Satellite & Launch Date Source Spectrum Resolution, Image Notes & Global Imagery Extent (Gl) Cost for Data
Sensor Return Interval Width Acquisition
AVHRR 1978-2005 USA V-TIR, 4-6 1.1 km, Bi-daily | 3000 km A long-term satellite constellation, the most | Free
bands. recent is AVHRR/3. Continuous Gl.
MODIS Terra & 2000, 2002 USA V-TIR, 36 250-1000 m, 2 2330 km Mounted on two satellites. Vegetation Free
Aqgua bands days bands are 250 m resolution. Thermal bands
are used to detect fires. Continuous Gl.
GOES 10-13 1975-2006 USA N-TIR, 5 1 km visible, 5 km | Full earth GOES is included as an example of Free
Imager bands IR, real-time disc. geostationary meterological imagers and is
ultra-coarse (5 km pixel) outside the single
visible band. India, Russia, China, and Europe
all have geostationary meteorological
constellations as well. It is not included in
Figure 13.
Spot 4/5- 1998 France V-NIR, 4 1.1 km, Bi-daily | 2200 km Continuous GlI. Cost TBD.
Vegetation bands
MISR 1999 USA V-NIR, 4 275 m OR 550- 360 km Stereo imaging from nine angles. It takes 6 Free
bands 1100 m (Global), (Local) images on Local setting (275 m) each day,
9 days and the rest on Global.
Orbview-2 1997 Comm. V-NIR, 8 1.13 km, daily 1500 km This coarse-resolution sensor is optimized Cost TBD.
SeaWIFS (USA) bands. for ocean remote sensing. Continuous Gl.
ERS-2 ATSR-2 1995 ESA V-TIR, 1 km, TBD 500 km This coarse-resolution sensor can monitor Cost TBD.
Microwave, sea-surface temperature and fires.
10 bands Continuous Gl.
Envisat MERIS 2002 ESA V-NIR, 15 260 x300m, 3 1150 km Band-programmable, can be selected across | Cost TBD.
bands days V-NIR range. Continuous Gl.
Envisat AATSR 2002 ESA V-TIR, 7 1 km, TBD 500 km Thermal bands are used to dectect fires. Cost TBD.
bands Continuous Gl.
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Satellite & Launch Date Source Spectrum Resolution, Image Notes & Global Imagery Extent (Gl) Cost for Data
Sensor Return Interval Width Acquisition
ADEOS-II GLI 2002-2003 Japan V-TIR, 36 250-1000 m, 4 1600 km This short-lived satellite was very similar to Cost TBD.
bands days MODIS, but with 29 bands in the VNIR.
Insat 2E, 3A 1999 India V-TIR, 6 1 km, TBD 6000 km This satellite has a programmable Cost TBD.
bands. orientation within its wide field of view.
HY-1B, 1C, 1D 2007 China V-TIR, 10 1 km, TBD 3083 km. These satellites are optimized for ocean Cost TBD.
bands. observation, with 6 bands in the visible.
COMS-1 GOcCl 2009 Korea V-NIR, 8 236-360 m, daily 1440 km This geostationary ocean color observation Cost TBD.
bands satellite will observe a limited area.
SAC-C MMRS, 2000 Argentina | V-SWIR, 5 175 m (300 pan), | 360 km This satellite mounts a panchromatic fire Cost TBD.
HTSC bands TBD (700 pan) | and lightning imager and a land imaging
sensor.
HJ-1A/1B 2008 China V-NIR, 110 100 m, TBD 50 km This hyperspectral satellite's imagery may Cost TBD.
bands not be available for public purchase.
IMS-1 HySI 2008 India V-NIR, 64 505.6 m 125.5 km This experimental hyperspectral satellite will | Cost TBD.
bands be operated over India only.
FY-3 series: 2008 China V-SWIR, 20 250 m-1km & 1.1 | 2800 km The FY-3 constellation will host the MERSI Cost TBD.
MERSI, VIRR bands, & V- km, TBD and VIIR instruments for coarse-resolution
TIR, 10 bands earth obervation.
MSU-MR 2008 Russia V-TIR, 6 1 km, TBD 2800 km This temperature and cloud-mapping Cost TBD.
(Meteor-M N1) bands instrument can also take land cover data.
MVISR (FY-1D) 2002 China V-TIR, 10 1.1 km, TBD 2800 km. It is unclear if this land- and ocean-observing | Cost TBD.
bands satellite's imagery is available for purchase.
OCM 1999, 2008 India V-NIR, 8 236-360 m, 2 1440 km These satellites are primarily ocean color Cost TBD.
(Oceansat-1/2) bands days monitors and take data primarily around
India.
OLS (DMSP 1997-2009 USA V-TIR, 3 560 m, TBD 3000 km This cloud- and cloud-temperature Cost TBD.
series) bands monitoring sensor can also detect fires.
WFI (CBERS- 2003, 2007 Brazil/ VNIR, 2 258 m, TBD 890 km This sensor is designed to detect vegetation. | Cost TBD.
2/2B) China bands
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Current High Resolution Optical Sensors Relevant to Forest Mapping

SPOT-5 HRG 2002 Comm. V-SWIR, 5 10 m (2.5-5 pan), | 60-120 Commercial; Indonesia & 2700
(France) bands 2-3 days km Thailand use alongside Landsat €/scene, 0.5
data. Pointable. €/km?
Formosat-2 2004 Comm. V-NIR, 5 bands | 8 m (2 pan), 1 24 km Commercial. Unique orbit: early | Cost TBD.
(Taiwan) day. arrival at equator, Gl is selected
areas in strips
IKONOS 2000 Comm. V-NIR, 5 bands | 4 m (1 pan), 3 11-14 km | Pointable, stereo capability. Cost TBD.
(USA) days Spotty Gl, developing
continuous Gl.
Geoeye-1 2008 Comm. V-NIR, 5 bands | 1.65 m (0.41 pan), | 15.2 km Pointable, pan imagery released | 380
(USA) 3 days at 0.5 m. Spotty Gl, developing USS/scene,
continuous Gl. 25 USS/km?
Quickbird 2001 Comm. V-NIR, 5 bands | 2.4 m (0.61 pan, 3 | 16.5 km Pointable. Spotty Gl, developing | Cost TBD.
(USA) days continuous Gl.
RapidEye 1-5 2008 Comm. V-NIR, 5 bands | 5 m, Daily 78 km Constellation, allows frequent Cost TBD.
(Germany) imaging. Designed for global
crop monitoring.
ALOS Avnir-2 2006 Japan V-NIR, 4 bands | 10 m 70 km This high-resolution sensor Cost TBD.
operates with the ALOS PALSAR
sensor, allowing imagery fusion.
Resourcesat-1 2003 India V-NIR, 4 bands | 5.8 m, 5 days. 70 km Pointable and mounted with two | 1070
LISS-4 moderate-resolution sensors. 2 USS/scene,
launched? 0.3 USS/km?
Sumbandila Sat 2009 South V-NIR, 6 bands | 6.25 m, TBD 45 km South Africa's first satellite, this Cost TBD.
Imager Africa small satellite is not likely to
develop continuous GlI.
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Resurs DK-1 2006 Russia V-NIR, 5 bands | 2.5-3.5m (1 m 30 km This commercial satellite has a Cost TBD.
Geoton-L1 (pan) pan), TBD variable orbital distance,
affecting its swath and
resolution.
Kompsat-2 2006 Korea V-NIR, 5 bands | 4 m (1 pan), 28 15 km Pointable sensor, commercially Cost TBD.
days (max) available.
TopSAT 2005 UK Vis., 4 bands 5.6 m (2.8 mpan), | 17 km Experimental, low-cost Cost TBD.
Telescope TBD (pan), 12 | microsatellite.
km
Cartosatl, 2 2005, India V-NIR, 1 band 2.5m, TBD 30 km Panchromatic camera. Cost TBD.
2007 (pan)
IRS-1C/1D PAN 1995, India V-NIR, 1 band 6.5 m, 24 days 70 km Pointable, panchromatic Cost TBD.
1997 (pan) (max) camera.
ALOS PRISM 2006 Japan V-NIR, 1 band 2.5m, TBD 70 km Panchromatic camera with Cost TBD.
(pan) (35 km triple-stereo option.
stereo)
EROS-A 2000 Comm. V-NIR, 1 band 19m 14 km Highly pointable, panchromatic Cost TBD.
(Israel) (pan) camera.
EROS-B 2000, Comm. V-NIR, 1 band 0.7m 7 km Pointable, panchromatic Cost TBD.
2006 (Israel) (pan) camera.
Worldview-1 Comm. Comm. V-NIR, 1 band 0.5mpan, 2days | 17.5km Pointable, pan imagery released | Cost TBD.
(USA), | (USA), 2004 | (pan) (110x 60 | at 0.5 m. Spotty GlI, developing
2004 poss.) continuous Gl.
BJ-1 PAN 2005 China V-NIR, 1 band 4 m pan, TBD. 24 km Panchromatic camera, unclear if | Cost TBD.
(pan) available for public purchase.
Monitor-E PSA 2005 Russia V-NIR, 1 band 8 m, TBD. 90 km Panchromatic commercial Cost TBD.
(pan) camera.
TES PAN 2001 India Vis., 1 band 1m, TBD Not This military panchromatic Not available.
(pan) available. | camerais not included in Figure
13.
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Current Coarse to Moderate Resolution Active Sensors Relevant to Forest Mapping

Satellite & Launch Source Spectrum Resolution, Image Notes & Global Cost for Data
Sensor Date Return Interval Width Imagery (Gl) extent Acquisition
SRTM 2000 (one- USA INSAR.  C- 30x 30 m, N/A 50-225 km | Result of a 10-day Free DEM and
time) and X-band. shuttle mission. Used data.
Quad-polar (C- to create a 30 m DEM
band only). (90 m outside US).
Continuous Gl
between 60° N and
56°S.
SIR-C/X 1994 (one- USA InSAR. X, C, 30x10-30m, 15-90 km Result of a shuttle Free
mision time) L-band. Quad- N/A mission. Continuous
polar. Gl.
JERS-1 1992 Japan SAR. L-band, 18 x18 m, 44 75 km. Continuous GlI, with Free
(launch, HH-polarity. days temporal inferometry
1997 (end) in select areas.
ERS-1,2 1991, 1995 ESA SAR. C-band. 30x26 m, TBD 100 km x Continuous GlI, with Free
VV polar. 100 km. temporal inferometry
in select areas.
Radarsat 1995 Canada SAR  C-band. | 8-100 m x 8-100 | 50-500 km | Pointable. Continuous | Free
HH polar. m, TBD x 50-500 Gl, with temporal
km. inferometry in select
areas.
Radarsat-2 2006 Canada SAR. C- 3-100 m x 2.4- 20-500 km | Pointable. Continuous | Cost TBD.
band. Quad- 100 m, TBD x 20-500 Gl, with temporal
polar. km. inferometry in select
areas.
Envisat 2002 EU SAR. C- 30-1000 mx 30- | 5-150 km | Pointable. Continuous | Cost TBD.
ASAR band. Quad- 1000 m, TBD. x 5-150 Gl, with temporal
polar. km. inferometry in select
areas.
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Satellite & Launch Source Spectrum Resolution, Image Notes & Global Cost for Data
Sensor Date Return Interval Width Imagery (GI) extent Acquisition
TerraSAR-X 2007 Comm. SAR, X-band. 1-18 mx 1-18 10-100 km | Commerical, variable Cost TBD.
(Germany) | Quad-polar. m, 2.5-11 days x 5-150 resolution, and first in
km. a satellite
constellation.
ALOS Palsar 2006 Japan SAR, L-band. 7-100 m, TBD 40-350 km | Resolution and swath 210.04
Quad-polar. vary depending on USS/scene,
mode. Continuous GI. | 0.017
USS/km?2.
COSMO- 2007-2009 Italy SAR, X-band. 3-30 m, 26 days | 10-200 km | Variety of scanning Cost TBD.
SkyMed Quad-polar. modes. First three
members of SAR
constellation, tandem
orbit for DEM.
ICESAT GLAS 2004 USA LIDAR 70 m footprint, Footprint | Tracks are currently Free
183 days centers spaced at 15 km
170 m (equator) and 2.5 km
apart. (80 degrees lat.)
IBUKI 2009 Japan Gas-sampling, 10.5 km, TBD N/A 10.5 km footprint, Cost TBD.
(GOSAT) NIR-TIR operates in cloud-free
areas globally. Takes
instantaneous
measurements of CO2
and CH4.
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Expected Sensors Relevant to Forest Mapping (2009-2016)

Satellite & Sensor Launch Date Source Spectrum Resolution, Return | Image Width Notes
Interval
WorldView-2 2009 Comm. (USA) | V-NIR, 9 bands. 1.8 m (0.5 m pan),1- | 16.4 km Eight bands (+ pan) in the VNIR, pointable.
4 days.
ARGO (RapidEye-6) Taiwan/ V-NIR, 5 bands. 5 m, daily. 78 km Commercial, part of the RapidEye
2009 Germany constellation.
RazakSat Malaysia VNIR, 5 bands. 5m (2.5 pan), TBD. 20 km Pointable high-resolution. May not develop
2009 continuous Gl.

DubaiSat 2009 UAE VNIR, 5 bands. 5 m (2.5 pan), TBD. 20 km Pointable high-resolution. May not develop
continuous Gl.

ALSAT-2A, 2B 2009 Algeria VNIR, 5 bands. 10 m (2.5 m), TBD. 17 km Pointable high-resolution, not likely to
develop continuous GlI.

EROS C 2009 Israel VNIR, bands TBD. 2.8 m (0.7 m pan). 11 km Pointable, high-resolution. May not

(5?) develop continuous GlI.
TanDEM-X 2009 Comm. SAR, X-band. Quad- 1-18 mx 1-18 m, 10-100 km x Commercial, variable resolution. A twin
(Germany) polar. 2.5-11 days. 5-150 km. satellite orbiting in formation with

TerraSAR-X to create a global DEM.

RESOURCESAT-2 2009 India V-SWIR, 4 bands. 23.5 m, 24 days 141 x 141 This satellite will be very similar to

(ISRO) km? Resourcesat-1, with its moderate and high-
resolution imagery capability.

RASAT (Tubitak) 2009 Turkey Vis., 4 bands. 15 m (7.5 m pan), 30 x 30 km Still under development.

TBD.

NigeriaSat-2 2009 Nigeria V-NIR, 5 & 4 bands. 5m (2.5 pan) & 32 20 km & 300 | This satellite will mount two sensors. The

(NASRDA) m, TBD. km high-resolution sensor has a smaller image
size but more bands.

COSMO-SkyMed 4 2009 Italy SAR, X-band. Quad- 3-30 m, TBD. 10-200 km x Variety of scanning modes, last satellite

(ASI / MiD (Italy)) polar. 10-200 km. addition to COSMO SAR constellation.
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Satellite & Sensor Launch Date Source Spectrum Resolution, Image Width Notes
Return Interval
Meteor-M N1 2009 Russia 1) SAR, X-band, VV 1) 400-1000 m. | 1) 450-600 This innovative satellite will host three
(Roshydromet / polarized. 2) V-TIR, 6 2) 1000 m. 3) km. 2) 2800 distinct sensors, numbered here. The last
Roscosmos) bands. 3) V-NIR, 3-6 60-120 m. km. 3) 960 km | moderate-resolution will combine three
bands. camera images for 60 m resolution in
three bands. The satellite will produce
regional imagery over Russia. First in a
series.
Meteor-M N2 2009 Russia 1) SAR, X-band, VV 1) 400-1000 m, | 1) 450-600 This innovative satellite will host three
(Roshydromet / polarized. 2) V-TIR, 6 2) 1000 m, 3) km. 2) 2800 distinct sensors, numbered here. The last
Roscosmos) bands. 3) V-NIR, 3-6 60-120 m km, 3) 960 moderate-resolution will combine three
bands. km. camera images for 60 m resolution in
three bands. The satellite will develop a
regional Gl only, over Russia.
Kanopus-V N1 2009 Russia V-NIR, TBD. 10.5-26 m (2.1 250 km Sources conflict on the exact resolution
(Roshydromet / pan) TBD. or bands of this small Russian satellite.
Roscosmos)
Sich-2 2009 Ukraine V-NIR, 4 bands. 7.8 m (pan 46.6 km Pointable high-resolution sensor.
higher?)
RISAT-1 2009 India SAR, C-band, quad-polar. | 3-40 m. 30-240 km High-resolution SAR satellite.
HJ-1C (S-band SAR) 2009 China SAR, S-band. 20 m. 100 km
Unusual S-band SAR.
Svea 2010 Sweden TBD, passive high- 1.2-1.5m. 8-12 km Under development.
resolution.
Pleiades 1 (CNES) 2010 France V-NIR, 5 bands. 0.7 m, TBD. 20 km x 20 Extremely pointable satellite gives +/- 50
km degrees off track.
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Satellite & Sensor Launch Date Source Spectrum Resolution, Image Width Notes
Return Interval
TES-HYS (ISRO) 2010 India V-SWIR, 200 bands. 15 m, TBD. 30 km x 30 Moderate-resolution hyperspectral
km imager, under
development/experimental.
GISAT (ISRO) 2010 India V-TIR, 3, 4, & 150 bands. | 1.5 km,50m, & | TBD. Proposed geostationary satellite with
192-320 m, two coarse imagers (one hyperspectral)
TBD. and one moderate imager.
SARE-1 (CONAE) 2010 Argentina SAR. TBD. TBD. Proposed satellite with a SAR component
and high-resolution optical cameras.
SAC-D (CONAE / 2010 Argentina/USA TIR, 3 bands. 350 m, TBD. 182-1000 km A multi-sensor satellite, but the fire
NASA) sensor is summarized here. It will
measure temperature and released
energy of fires and other hot events.
HY-1C (NSOAS / 2010 China V-TIR, 4 & 10 bands. 250m & 1.1 500 km & Two instruments: Coast Region Imager
CAST) km. 3083 km and coarser Ocean Color and
Temperature scanner. Constellation.
NPP (NASA / NOAA / 2010 USA V-TIR, 22 bands. 400 m-1.6 km, 3000 km The first in a new NASA series of coarse-
DoD (USA)) TBD. resolution satellites intended to follow
up the MODIS and AVHRR missions.
VENUS (CNES / ISA) 2010 Israel France V-NIR, 12 bands. 5.3 m, TBD. 27 km A superspectral camera intended to take
high-resolution, multiple-band images
for land cover applications.
CBERS-3 (CRESDA / 2010 Brazil/ China 1) NIR, 4 bands. 2) NIR, 1)20m. 2) 10 1) 120 m. 2) This satellite, the first of two, hosts four
INPE) 4 bands. 3) V-TIR, 4 m (5 pan), 3-26 | 60 km. 3) 120 | sensors with regional coverage. The high-
bands. 4)VSWIR, 4 days. 3) 40-80 km. 4) 866 and moderate-resolution sensors are
bands. m, 26 days. 4) km. pointable (3-5 day return time). It also
73 m, 5 days. has a moderate-resolution fire imager
and a coarse-resolution sensor.
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Satellite & Sensor Launch Date Source Spectrum Resolution, Image Width Notes
Return Interval
HY-1D (NSOAS / 2010 China Vis., 4 bands. 250 m. 500 km Coastal region imager. Constellation.
CAST)
FY-3D (NRSCC/ 2010 China V-SWIR, 20 bands; V-TIR, | 250 m-1 km & 2800 km As an addition to the FY-3 constellation,
CMA) 10 bands. 1.1 km, TBD. it will host the MERSI and VIIR
instruments for coarse-resolution earth
observation.
Elektro-L N2 2010 Russia V-TIR, 10 bands. 1 km visible 4 Full earth disc | Geostationary satellite, second in a
(Roshydromet / km IR, daily. imaged. series.
Roscosmos)
Meteor-M N3 2010 Russia 1) SAR, X-band. 2) Vis., 1 | 1) 400-1000 m. | 1) 450-600 This coarse-resolution satellite is mainly
(Roshydromet / band. 2) 700-1400 m. | km. 2) 2600 designed for cloud and ice measurement.
Roscosmos) km.
SSOT 2010 Chile VNIR, 5 bands. 5.8 m(1.45 TBD. This high-resolution satellite will have
pan), TBD. regional coverage.
Kompsat-3 2010 South Korea VNIR, 5 bands. 2.8m(0.7m TBD. Commercial high-resolution satellite.
pan).
Kompsat-5 2011 South Korea SAR, X-Band. TBD. TBD. This satellite is under development.
GeoEye-2 2011 Comm. (USA) VNIR, TBD. 1.65m, (0.25 TBD. The highest-resolution satellite to date. It
pan). is still under development.
SAOCOM 1A (CONAE 2011 Argentina/ Italy SAR, L-band. 10-100 m, TBD. | 40-320 km First in a SAR constellation. Variable
/ ASI) resolution, still under development. With
COSMO-SkyMed, this joint-constellation
will provide twice daily coverage in two
SAR bands.
ASNARO 2011 Japan Passive high-res. 1m, TBD. TBD. High-resolution passive satellite, under
development.
CARTOSAT-3 (ISRO) 2011 India Vis., 1 band (pan). 0.3 m, TBD. 6 km High-resolution panchromatic imager.
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Satellite & Sensor Launch Date Source Spectrum Resolution, Image Width Notes
Return Interval
MetOp-B 2011 EU V-TIR, 6 bands. 1.1 km, twice 3000 km This is the second in the MetOp
(EUMETSAT) daily. constellation, carrying an AVHRR/3
instrument. It will cover the entire globe
twice daily.
Pleiades 2 (CNES) 2011 France V-NIR, 5 bands. 0.7 m, TBD. 20 km The second in a constellation. Pointable
satellite gives +/- 50 degrees off track.
DMSAR (ISRO) 2011 India SAR, C/X-band. TBD. TBD. This proposed satellite is currently an
airborne system with high resolution and
variable modes.
RESOURCESAT-3 2011 India V-SWIR, 4 bands. 23 m, 26 days. 700 km This will carry a more advanced sensor
(ISRO) than previous Resourcesats, with an
atmospheric correction instrument.
PRISMA (ASI) 2011 Italy V-SWIR, 200 bands. 30m(2.5pan), | 30km This hyperspectral imager will have a
TBD. narrow image swath but high spectral
and spatial resolution.
LDCM 2011 USA V-SWIR, 9 bands. 30 m (15 pan), 185 km Landsat Data Continuity Mission, free
16 days. imagery, global coverage.
Sentinel-1 A (ESA / 2011 EU SAR, C-band, quad-polar. | 5-100 m, TBD. 8-400 km Variable resolution and swath-width SAR,
EC) first in a constellation.
AMAZONIA-1 (INPE) 2011 Brazil V-NIR, 4 bands. 40m&12m,5 | 800 km & 110 | This satellite will host the mod-res. AWFI
days & TBD. km sensor and the higher-res. RALCam-3
sensor.
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Satellite & Sensor Launch Date Source Spectrum Resolution, Image Width Notes
Return Interval
SAOCOM 1B (CONAE 2012 Argentina/ Italy SAR, L-band. 10-100 m, TBD. | 40-320 km Second in a SAR constellation. Variable
/ ASl) resolution, still under development.
Astroterra (Spot 6) 2012 Comm. (France) | V-NIR, 5 bands. 8 m(2pan),1-5 | 60 The next in SPOT series has stereo
days. capability and highly pointable.
SAC-E/SABIA/mar 2012 Argentina/Brazil | V-TIR, 15 bands. TBD. TBD Under development.
(CONAE / INPE)
Ingenio (SEOSAT) 2012 2012, Spain/EU V-NIR, 5 bands. 10 m (2.5 pan), | 60 km High-resolution satellite, may not
(CDTI / ESA) TBD. develop Gl.
EnMAP (DLR) 2012 Germany V-NIR, TBD. 30m 30 km Moderate-resolution hyperspectral
imager.
HY-3A (NSOAS / 2012 2012 SAR, X-band, TBD. 1-10 m, TBD. 40-150 km High resolution SAR imager.
CAST)
SABRINA (ASI) 2012 Italy SAR, X-band, Quad- TBD. TBD. Under development.
polar.
Sentinel-2 A (ESA / 2012 EU V-SWIR, 13 bands. 10 m (VNIR) 290 km First in a constellation, this high-quality
EC) and 20-60 m moderate-resolution sensor will have
(higher), TBD. dedicated atmospheric correction bands
and a wide swath.
Sentinel-1 B (ESA / 2012 EU SAR, C-band, Quad- 5-20 m (extra 80-400 km Second in a constellation, this SAR sensor
EC) polar. wide 25 x 100 has an interferometric mode, a wide-
m), TBD. field mode, and an extra-wide mode.
Sentinel-3 A (ESA / 2012 EU V-SWIR, 21 bands. 300 m, TBD. 750-1675 km | This dual swath instrument will be a
EC) MODIS, AATSR, and MERIS follow-up.
The first in a series.
ALOS-2 2012 Japan SAR, L-band, Quad-polar. | TBD. TBD. ALOS follow-on, under development,
likely to be higher-resolution.
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Satellite & Sensor Launch Date Source Spectrum Resolution, Image Width Notes
Return Interval
FY-3E (NRSCC / CMA) 2012 China V-SWIR, 20 bands, & V- 250 m-1 km & 2800 km As an addition to the FY-3 constellation,
TIR, 10 bands. 1.1 km, TBD. it will host the MERSI and VIIR
instruments for coarse-resolution earth
observation.
FY-4 O/A (NRSCC / 2012 China V-TIR, 12 bands. 1 km Visible, 2 Full earth disc | The first in a new geostationary series,
CMA) km IR, 4 km TIR, | imaged. this sensor will have higher VNIR
daily. resolution than previous geostationary
imagers, and thus be more suitable for
real-time vegetation monitoring.
TerraSAR-X2 (DLR) 2013 Comm. SAR, X-band. Quad- 1-18 m, 2.5-11 10-100 km x The last of a three-satellite SAR
(Germany) polar. days. 5-150 km constellation for deriving a high-quality
DEM, this satellite may be joined or
replaced by another satellite, Tandem-L.
NPOESS-1 (NOAA) 2013 USA V-TIR, 22 bands. 400 m-1.6 km, 3000 km The second in a new NASA series of
TBD. coarse-resolution satellites intended to
follow up the MODIS and AVHRR
missions.
CBERS-4 (CRESDA / 2013 Brazil/ China 1) NIR, 4 bands. 2) NIR, 1)20m. 2) 10 1) 120 m. 2) This satellite, the second of two, hosts
INPE) 4 bands. 3) V-TIR, 4 m (5 pan), 3-26 | 60 km. 3) 120 | four sensors with regional coverage. The
bands. 4)VSWIR, 4 days. 3) 40-80 km. 4) 866 high- and moderate-resolution sensors
bands. m, 26 days. 4) km. are pointable (3-5 day return time). It
73 m, 5 days. also has a moderate-resolution fire
imager and a coarse-resolution sensor.
MAPSAR (INPE / DLR) 2013 Brazil/ Germany | SAR, L-band, Quad-polar. | 3-20 m, weekly | 30-55 km This high-resolution L-band SAR satellite
revisit. may potentially acquire continuous GI.
RADARSAT 2013 Canada SAR, C-band, Quad- 3-100 m, TBD. 20-500 km First in a SAR constellation, this satellite
CONSTELLATION-1 polar. has a wide range of resolution modes.
(CSA)
SAC-F (CONAE) 2014 Argentina VSWIR, 5 bands. 10 m (5 pan). 60-117 km High-resolution, pointable sensors; still
under development. It may be joined by
a hyperspectral sensor and a thermal
sensor.
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Satellite & Sensor Launch Date Source Spectrum Resolution, Image Width Notes
Return Interval
SAOCOM-2A 2014 Argentina SAR, L-band. 10-100 m, TBD. | 40-320 km Third in a SAR constellation. Variable
(CONAE) resolution, still under development.
COMS-2 2014 Japan V-NIR, 8 bands. 236 x 360 m. 1440 km Geostationary Ocean Color Imager.
GCOM-C1 (JAXA) 2014 Japan/ USA V-TIR, 35 bands. 250-1 km, TBD. | 1150-1400 This MODIS-like sensor will have 11
km bands at 250 m resolution in the VNIR.
Sentinel-2 B (ESA / 2014 EU V-SWIR, 13 bands. 10 (VNIR) and 290 km Second in a constellation, this high-
EC) 20-60 m quality moderate-resolution sensor will
(higher), TBD. have dedicated atmospheric correction
bands and a wide swath.
RISAT-L (ISRO) 2014 India SAR, L-band. TBD. TBD. Under development.
RADARSAT 2014 Canada SAR, C-band Quad-polar. | 3-100 m, TBD. 20-500 km Second in a SAR constellation, this
CONSTELLATION-3 satellite has a wide range of resolution
(CSA) modes.
GOES-S (NOAA) 2014 USA V-TIR, 26 bands. 0.5 km in the Full earth disc | The latest in the geostationary GOES
visible, 1 km imaged. constellation, this improved ABI sensor
NIR-SWIR, 2 km has a 0.5-1 km resolution for real-time
TIR. vegetation monitoring.
FY-3F (NRSCC / CMA) 2014 China V-SWIR, 20 bands, & V- 250 m-1 km & 2800 km As an addition to the FY-3 constellation,
TIR, 10 bands. 1.1 km, TBD. it will host the MERSI and VIIR
instruments for coarse-resolution earth
observation.
Elektro-L N3 2014 Russia V-TIR, 10 bands. 1 km visible 4 Full earth disc | Geostationary satellite; third in a series.
(Roshydromet / km IR, daily. imaged.
Roscosmos)
SAOCOM-2B 2015 Argentina SAR, L-band. 10-100 m, TBD. | 40-320 km Fourth in a SAR constellation. Variable
(CONAE) resolution, still under development.
ICESat-1l (NASA) 2015 USA LIDAR 70 m footprint, | Footprint A mission follow-on. Tracks are currently
183 days. centers 170 m | spaced at 15 km (equator) and 2.5 km
apart. (80 degrees lat.).
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Satellite & Sensor Launch Date Source Spectrum Resolution, Image Width Notes
Return Interval
RADARSAT 2015 Canada SAR, C-band, Quad- 3-100 m, TBD. 20-500 km Second in a SAR constellation, this
CONSTELLATION-2 polar. satellite has a wide range of resolution
(CSA) modes.
GOES-R (NOAA) 2015 USA V-TIR, 26 bands. 0.5 km in the Full earth disc | The latest in the geostationary GOES
visible, 1 km imaged. constellation, this improved ABI sensor
NIR-SWIR, 2 km has a 0.5-1 km resolution for real-time
TIR. vegetation monitoring.
Sentinel-3 B (ESA / 2015 EU V-SWIR, 21 bands. 300 m, TBD. 750-1675 km This dual swath instrument will be a
EC) MODIS, AATSR, and MERIS follow-up.
The second in a series.
MetOp-C 2015 EU V-TIR, 4-6 bands. 1.1 km, Bi- 3000 km This satellite will carry the AVHRR/3
(EUMETSAT) daily. sensor.
FY-4 O/B (NRSCC / 2015 China V-TIR, 12 bands. 1 km Visible, 2 Full earth disc | The second in a new geostationary
CMA) km IR, 4 km TIR, | imaged. series, this sensor will have higher VNIR
daily. resolution than previous geostationary
imagers, and thus be more suitable for
real-time vegetation monitoring.
FY-4 O/C (NRSCC/ 2015 China V-TIR, 12 bands. 1 km Visible, 2 Full earth disc | The third in a new geostationary series,
CMA) km IR, 4 km TIR, | imaged. this sensor will have higher VNIR
daily. resolution than previous geostationary
imagers, and thus be more suitable for
real-time vegetation monitoring.
HypsIRI (NASA) 2015 USA V-TIR, 210 bands & 5 19 m (VSWIR), 90 km (SWIR) | A high quality, moderate-resolution
bands (TIR). 90 m (TIR), 9-30 | & 400 km hyperspectral sensor.
days. (TIR)
DESDynl (NASA) 2015 USA LIDAR & InSAR, L-Band, 25 m LIDAR >340 km Still under development. This combined
Quad-polar. footprint, SAR InSAR (2 SAR sensors) and LIDAR sensor
resolution will provide an unparalleled global DEM
variable, 8 days. and accurate measurement of ecosystem
3D structure.
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NPOESS-2 (NOAA) 2016 USA V-TIR, 22 bands. 400 m-1.6 km, 3000 km The third in a series, this MODIS/AVHRR
TBD. follow-on will provide important

continuity for the AVHRR time series.

FY-3G (NRSCC/ 2016 China V-SWIR, 20 bands, & V- 250 m-1 km & 2800 km As an addition to the FY-3 constellation,

CMA) TIR, 10 bands. 1.1 km, TBD. it will host the MERSI and VIIR
instruments for coarse-resolution earth
observation.

BIOMASS (ESA) 20167 EU INSAR, P-band, Quad- 50 m, 27 days 102 km Still in concept competition and under

polar.

(4 days exptal).

development, this mission would be
focused on mapping forest biomass. It
would have inSAR capability and have an
experimental, 50-day tomographic
mode.
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