Background to the MODIS Weekly Maximum-NDVI Composites for
Canada South of 60°N
Canada’s agriculturally important lands include lands that are currently used for agricultural
purposes (e.g. croplands, rangeland, pastures) as well as those that show potential for future
agricultural development (e.g. natural grasslands). However, because these lands generally cover
large geographical extents, their assessment by conventional ground survey techniques are often
time-consuming and costly (Asrar et al. 1986; Bakhtiari and Zoughi 1991; Tucker 1980; Weiser et al.
1986). Thus, other monitoring approaches must be utilized. One possible approach is the use of
satellite remote sensing systems.
Remote sensing, through the unique combination of extensive spatial, spectral and frequent
temporal data collection, can provide scientists and managers with a powerful monitoring tool at a
variety of landscape scales. The mounting of sensors on earth-orbiting vehicles has increased not
only our “spatial” reach (i.e. the distance from which we are able to monitor the earth) but also our
"spectral" reach (i.e. our ability to gather information from non-visible wavelengths of the
electromagnetic spectrum) (Tucker 1980). Remotely-sensed data collection has the potential to
provide quantitative information on the amount, condition, and type of vegetation, provided that
the effects of physical and physiological processes on the spectral characteristics of canopies are
fully understood.
One of the greatest challenges in the remote sensing of agricultural systems has been the reliable
estimation of biophysical variables – such as aboveground biomass, net primary productivity and
yield – from satellite platforms. This is largely a consequence of the “mixed pixel” problem, where
factors other than the presence and amount of green vegetation (e.g. senescent vegetation, soil,
shadow) combine to form composite spectra (see Asner 1998; Asner et al. 1998; Fourty et al. 1996;
Goel 1988; Myeni et al. 1989; Ross 1981). Spectral mixing often makes the discrimination of green
vegetation difficult and has prompted the development of numerous spectral vegetation indices
(VIs). VIs are dimensionless radiometric measures that combine two or more spectral bands to
enhance the vegetative signal, while simultaneously minimizing background effects. Vegetation
indices are one of the most widely used remote sensing measurements, and thus, many exist. The
most common VIs utilize red and near-infrared canopy reflectances in the form of ratios (e.g. NDVI)
or linear combination (e.g. PVI), while others are more complex and also require the derivation of
soil correction factors (e.g. MSAVI). Although many indices are well correlated with various plant
biophysical parameters, some - such as the NDVI - have received more attention than others.
The Normalized Difference Vegetation Index (NDVI) is a computationally simple index that can be
calculated from the red and near infrared data acquired by many satellite systems. The NDVI is
calculated as NDVI = (ρnir - ρred)/( ρnir + ρred), where ρred and ρnir are the reflected radiant fluxes in the
red and near-infrared wavelengths, respectively (Rouse et al. 1973). The principle behind the NDVI is
based on the relationship between the physiological properties of healthy vegetation and the type
and amount of radiation it can absorb and reflect (Gitelson and Kaufman 1998). More specifically,

plant chlorophyll strongly absorbs solar
radiation in the red portion of the
electromagnetic spectrum, while plant
spongy mesophyll strongly reflects solar
radiation in the near-infrared region of the
spectrum (Jackson and Ezra 1985; Tucker
1979; Tucker et al. 1991). As a result,
vigorously growing healthy vegetation has
low red-light reflectance and high nearinfrared reflectance, and hence, high NDVI
values. The NDVI produces output values in
the range of -1.0 to 1.0. Increasing positive
NDVI values indicate increasing amounts of
green vegetation, while NDVI values near
zero and decreasing negative values are
characteristic of non-vegetated surfaces such
as barren surfaces (rock and soil) and water,
snow, ice, and clouds (Jensen 2007). It is
important to note, however, that because
Figure 1. Generalized relationship between
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NDVI and LAI for a range of soil and
chlorophyll at high chlorophyll contents, the
vegetation spectral properties (source:
NDVI approaches saturation asymptotically
http://rangeview.arizona.edu/).
under moderate-to-high biomass conditions (Baret and Guyot 1991; Gitelson and Kaufman 1998;
Huete et al. 2002; Myneni et al. 2002; Sellers 1985). As a result, although the NDVI has been shown
to correlate well with many canopy biophysical properties – including vegetation abundance
(Hurcom and Harrison 1998; Purevdorj et al. 1998), aboveground biomass (Boutton et al. 1980;
Davidson and Csillag 2001; Weiser et al. 1986), green leaf area (Asrar et al. 1986; Baret and Guyot
1991; Weiser et al. 1986), photosynthetically active radiation (PAR) (Asrar et al. 1986; Baret and
Guyot 1991; Hatfield et al. 1984; Tucker et al. 1986; Weiser et al. 1986), and productivity (Box et al.
1989; Prince 1991; Running et al. 1989) – it generally does so in a non-linear fashion across low-tohigh productivity gradients (Figure 1).
The NDVI has emerged as one of the most robust tools for monitoring natural vegetation and crop
conditions. This is largely due to its use in the various NDVI datasets produced from daily reflectance
observations collected by the Advanced Very High Resolution Radiometer (AVHRR) instruments
flown onboard 14 of NOAA’s Polar Orbiting Satellites since 1978. The AVHRR, originally designed for
meteorological applications, is a four-channel (AVHRR-1), five-channel (AVHRR-2) or six-channel
(AVHRR-3) scanner that senses in the visible, near-infrared, and thermal infrared portions of the
electromagnetic spectrum at a spatial resolution of 1.1km (at nadir) (Table 1). The data collected by
this series of sensors comprise the longest-lived and most influential series of Earth observing
satellites ever launched (Hastings and Emery 1992).

Table 1. The range of spectral bands (in μm) for AVHRR-1, -2 and -3 (Latifovic et al. 2005).

Table 2. Characteristics of AVHRR and MODIS/Terra for remote sensing (Kawamura et al. 2005)
The most commonly-used products derived from the AVHRR are the n-day maximum-value NDVI
composites produced by several U.S and Canadian Government agencies (e.g. National Oceanic and
Atmospheric Administration (NOAA); National Aeronautics and Space Administration (NASA),
Canada Centre for Remote Sensing (CCRS), and Manitoba Remote Sensing Centre (MRSC)) (Cracknell
2001). While the detailed methodologies for creating these datasets vary, maximum-value
compositing usually involves (a) examining each NDVI value pixel by pixel for each observation date
during the n-day compositing period, (b) determining the maximum-value NDVI for each pixel during
the n-day period, and (c) creating a single output image that contains only the maximum NDVI value
for each pixel for the n-day period. Maximum-value NDVI compositing has become a popular
resource management tool because it captures the dynamics of green-vegetation and minimizes
problems common to single-date AVHRR NDVI data, such as those associated with cloud
contamination, atmospheric attenuation, surface directional reflectance, and view and illumination
geometry (Holben 1986). At present, two Canadian Government Agencies produce maximum-value
NDVI composite datasets focusing on a Canadian coverage (National Coverage / 10-day compositing
period (CCRS); Prairie Region Coverage / 7-day compositing period (MRSC)).
However, because the AVHRR sensor was not originally designed for monitoring vegetation, it
suffers from limitations regarding the design of its red and near infrared channels when formulating

NDVI (Fensholt and Sandholt 2005). Two particularly important limitations of the AVHRR are (a) the
overlap of the near infrared channel (0.725 – 1.100µm) with a region of considerable atmospheric
water vapour absorption (0.9 to 0.98 µm) that can introduce noise to the remotely sensed signal
(Huete et al. 2002; Justice et al. 1991); and (b) the relatively “quick” saturation of the red channel,
and hence NDVI, over medium-to-dense vegetation (Gitelson and Kaufman 1998; Huete 1988;
Jensen 2007; Myneni et al. 1997). These limitations were directly addressed with the development
of a new generation of EO platforms, including the Moderate resolution Imaging Spectroradiometer
(MODIS) launched onboard NASA’s Terra satellite in December 1999. MODIS, which has been
acquiring data in 36 narrow spectral bands since February 2000, was designed to provide data for
vegetation and land cover mapping applications. The MODIS sensor offers a number of
improvements over the AVHRR for NDVI calculation (Fensholt and Sandholt 2005; Huete et al. 2002;
Trishchenko et al. 2002). These include improved (a) spectral resolution; (b) radiometric resolution
(c) spatial resolution; (d) geolocation accuracy; and (e) on-board radiometric calibration for
producing scaled reflectances (Jensen 2007). The MODIS red and near-infrared channels were
selected to avoid the spectral regions of water absorption that constitute a major limitation of the
AVHRR (Justice et al. 1991; Vermote and Saleous 2006). Furthermore, the unprecedented
radiometric resolution of MODIS Terra makes its red and near-infrared channels more sensitive to
small variations in chlorophyll content, thereby lessening how quickly its NDVI saturates over denser
vegetation. As a result of these improvements, MODIS Terra holds promise for environmental
monitoring in general, and the estimation of vegetation indices in particular (Fensholt and Sandholt
2005).

Crop Condition Assessment using NDVI at AAFC
Severe droughts, increasing competition among grain exporters, and the instability of grain markets
have highlighted the importance of having accurate and timely information on crop conditions and
potential yield. There is thus a need to produce operational information and applications to help
address both the risk of a weather-related disaster occurring and the potential impact of a current
weather-related event.
Under normal operational conditions regular monitoring and forecasting will provide a risk
assessment of weather–related impact to the agriculture industry and an estimate of the severity of
the impact. Providing advanced warning of such impacts will help in planning anticipated mitigation
costs and assist the agricultural industry with preparedness. When low- or moderate-level impacts
occur, timely information is available to assist the industry in mitigation efforts.
Agriculture and Agri-Food Canada (AAFC) requires regular information on crop conditions across
Canada in near-real-time for crop condition assessment purposes. To this end, AAFC has funded
Statistics Canada since 2004 to distribute/deliver AVHRR-derived 1km-resolution NDVI composites
of the Canadian agriculture extent and the northern half of the United States. These data, available
as 7-day national composites are available through the Crop Condition Assessment Program (CCAP),
developed and maintained by Statistics Canada since 1987. CCAP is an interactive Web-based

application that monitors changing cropland and pasture conditions during the growing season.
These changes in vegetation health are monitored using 1km-resolution digital satellite (AVHRR)
data, thematic maps, vegetation index graphs, and tabular data of current and historical cropland
and pasture conditions.
However, there are a number of limitations regarding the use of CCAP AVHRR data in AAFC
applications. These are (a) the relatively coarse radiometric, spectral and spatial resolutions of the
AVHRR’s red and near-infrared channels; (b) the non-availability of daily (or n-day) data products;
and (c) the restriction of data access to web viewing and web mapping. Limitation (c) is especially
important because there is a strong need to have access to the digital products through an
Application Programming Interface (API) or web services that are not provided through the Statistics
Canada application.
Limitations relating to AVHRR data quality (i.e. radiometric, spectral and spatial resolution) can be
directly addressed by using the new generation earth observation platforms, including the Moderate
Resolution Imaging Spectroradiometer (MODIS) launched onboard NASA’s Terra satellite. MODIS
data is available at no cost to the public.
The MODIS Terra sensor offers a number of improvements over the AVHRR for NDVI calculation.
These include improved:
(a)
(b)
(c)
(d)
(e)

spectral resolution;
radiometric resolution (12-bit vs 10-bit for the AVHRR sensor);
spatial resolution (250m for NDVI, compared to 1 km for the AHVRR sensor);
geolocation accuracy;
on-board radiometric calibration for producing scaled reflectances.

In response to the above limitations, AAFC developed an NDVI compositing sub-system (the National
Crop Monitoring System Prototype, NCMS-P) that uses data acquired from MODIS to produce
weekly / 7-day (or n-day) Max-NDVI composites for Canada south of 60°N. As of 2009, AAFC has
provided open access to these data, either indirectly though the previously-described CCAP web
mapping application hosted by Statistics Canada, or directly through an AAFC ftp site.

A National Crop Monitoring System Prototype (NCMS-P)
1.3.1 The NCMS-P Toolset
AAFC has developed a set of individual tools for generating weekly Max-NDVI composites and their
associated weekly Max-NDVI anomalies (differences from the n-year average Max-NDVI conditions
for that week). These tools use MODIS Level-2 Gridded (L-2G) surface reflectance data (collection
V005).
Six tools are used to create weekly Max-NDVI composites, weekly average Max-NDVI baselines and
weekly Max-NDVI anomalies in near-real-time from these MODIS data. The tools carry out the
following tasks:

(a) Download of MODIS HDF data tiles (granules) from USGS Data Archive;
(b) Extraction of required science datasets (as TIF format) from HDF tiles;

(c)
(d)
(e)
(f)

Check for missing TIF files and gap filling if tiles are unavailable on USGS archive;
Generation of weekly Max-NDVI and associated Day-of-Week composites;
Generation of weekly historical (n-year) NDVI average baselines (2000-current year); and
Generation of weekly Max-NDVI anomalies.

These scripts use the ArcGIS Geoprocessor Object, an object that that provides a single access point
and environment for the execution of any geoprocessing tool in ArcGIS V9.3, including extensions.
Scripts are coded using Python 2.5. AAFC is presently updating NCMS-P to take advantage of recent
Departmental software upgrades to ArcGIS V10.0 and Python 2.6. Initial tests suggest that these
upgrades will speed up the time taken to create the above MODIS-related products by 15-25%.
Note that although the primary output products of our near-real-time processing are generated for
weekly (7-day) time periods, NCMS-P can be used to generated Max-NDVI-related composites for
any n-day period.

Figure 2a, illustrates the steps involved in generating weekly Max-NDVI composites in near-realtime. These steps are discussed in further detail in the following sections.

1.3.2 Required MODIS Datasets

NCMS-P uses two MODIS/Terra daily Level-2G MODIS/Terra products (V005):
(a)
(b)

Surface Reflectance Daily L2G Global 250m SIN Grid V005 [MOD09GQ].
Surface Reflectance Daily L2G Global 1km and 500m SIN Grid V005 [MOD09GA].

Data for each of the above products are stored in NASA’s Land Processes Distributed Active Archive
Center (LP DAAC) as tiles (granules) in HDF-EOS format (Hierarchical Data Format; *.hdf). Each tile
covers an area of approximately 10º by 10º and is in an integrated sinusoidal (ISIN) projection using
the WGS84 datum. Twelve tiles are required to completely cover Canada’s landmass south of 60ºN
latitude for any single day. A weekly Max-NDVI composite thus uses 7 days *12 tiles = 84 tiles for
each of the MOD09GQ and MOD09GA products (168 tiles in total). The ISIN-projected tiles used to
cover Canada south of 60ºN latitude are shown in Figure 3.
Each tile contains >1 science dataset (SD). A single tile for the MOD09GQ product contains 5 SDs. A
single tile for the MOD09GA product contains 21 SDs. NCMS-P uses 7 SDs in total for each day of the
compositing period (three SDs from MOD09GQ and four SDs from MOD09QA). A weekly Max-NDVI
composite thus uses 7 days *12 tiles * 7 SDs = 588 SDs. SDs are extracted from the HDF-EOS source
files using the MODIS Reprojection Tool. The extraction process converts SDs from the HDF-EOS file
format to the GeoTIFF file format (note that the native ISIN projection of the *.hdf tiles is retained).
The SDs contained in the MOD09GQ and MOD09GA products are outlined in Figures 4a and b and
5a, b, and c, below.

Figure 3: MODIS Integrated Sinusoidal (ISIN) native projection

Figure 4a: Science Data Sets for MODIS Terra Surface Reflectance Daily L2G Global 250m SIN Grid V005
(MOD09GQ). Red arrows indicate the science datasets used in the NCMS-P process. Note that the 250m
reflectance band quality SD is a bit field, where the values of sequences of bits (rather than the actual
pixel value) describe the quality of the product (see Figure 4b).

Figure 4b: MOD09GQ.005 250-meter Surface Reflectance Data QA Descriptions (16-bit). Green arrows
indicate the bit combinations used in the NCMS-P quality control process.

Figure 5a: Science Data sets for MODIS Terra Surface Reflectance Daily L2G Global 1km and 500m SIN
Grid V005 (MOD09GA). Red arrows indicate the science datasets used in the NCMS-P process. Note that
the 1km reflectance state QA SD is a bit field, where the values of sequences of bits (rather than the
actual pixel value) describe the quality of the product.

[Table continued on next page…]

Figure 5a (Continued): Science Data sets for MODIS Terra Surface Reflectance Daily L2G Global 1km and
500m SIN Grid V005 (MOD09GA). Red arrows indicate the science datasets used in the NCMS–P process.

Figure 5b: MOD09GA 1-kilometer State QA Descriptions (16-bit). Green arrows indicate the bit
combinations used in the NCMS-P quality control process.

Figure 5c: 250-meter Scan Value Information Description (8-bit)

The necessary SDs are extracted from the downloaded *.hdf tiles using the MODIS Reprojection Tool
software.

1.3.3 Generating Max-NDVI Composites Using Best Quality Data
Once SD extraction is complete, the Max-NDVI compositing algorithm is implemented. This algorithm
uses Band 1 and Band 2 surface reflectance at 250m resolution, along with the QA flags, to produce an
n-day Max-NDVI composite from only the “best quality” reflectance retrievals. The general concept is to
retain pixels in the Max-NDVI procedure that are (i) not influence by atmospheric effects, and (ii) fall
within the range of acceptable sensor and sun illumination angles.
Specifically, screening involves the elimination of pixels that are contaminated by clouds, cloud shadow,
high amounts of aerosols, and high amounts of cirrus. In addition, pixels collected at unacceptable

viewing and sun illumination angles are also eliminated. The screening rules for the selection of
acceptable retrievals are summarized in Figure 6.
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Figure 6: Pixel screening criteria used to generate MODIS Max-NDVI composites of high quality.

1.3.3.Gap-Filling Missing Data
In some cases, not all *.hdf tiles are available for a given week. This is problematic because the current
version of NCMS-P does not handle missing data files. To address this problem, data gaps are “filled”.
Filling gaps involves (a) identifying the GeoTIFF files expected for an n-day, n-tile composite (usually, 7day, 12-tiled), (b) identifying if any of the expected tiles are missing, and (c) using the available tiles to
fill gaps in the data (missing hdf files for a given day are gap-filled using the hdf files extracted for the
previous or subsequent day. Note that if any SDs are missing for a given day – even just one of the 7
required for input to NCMS – all 7 SDs for are replaced in the gap-filling process).

1.3.4. Output Products: Max-NDVI and Day-of-Week Composites

The compositing tool generates four outputs. These are: (i) a Max-NDVI composite for the 7-day 12-tile
compositing period, where NDVI ranges from -1 to 1 (nmcom*); (ii) a rescaled version of this NDVI
composite, where negative NDVI values (NDVI < 0) are set to 0 (rncom*); and (iii) a day-of-week (DOW)
composite where pixel values correspond to the day of the compositing period from which their MaxNDVI value is taken (dow*). Rescaled Max-NDVI composites are created to separate the NDVI range that
is typical of vegetation canopies from the NDVI range typical of other surfaces (NDVI produces output
values in the range of -1.0 to 1.0. Increasing positive NDVI values indicate increasing amounts of green
vegetation, while NDVI values near zero and decreasing negative values are characteristic of nonvegetated surfaces such as rock, soil, water, snow, ice, and clouds (Jensen 2007).

Figures 7 and 8 illustrate output rasters generated by the compositing tool. The example shown here
uses 12 tiles of MODIS data for a 7-day period (DOY 117-123, 2009). NDVI composites are generated as
32-bit float Geotiff rasters. DOW composites are generated as 8-bit Geotiff rasters. All GeoTiff rasters
remain in their native sinusoidal projection (Fig. 8).

Figure 7: Directory listing showing GeoTiff rasters generated by the n-day Max-NDVI compositing
tool (example shown is a 7-day period from day-of-year 117 to 123, 2009, using 12 tiles).

(a)

(b)

Figure 8: (a) Re-scaled Maximum NDVI composite (where NDVI ranges from 0-1), and (b) Day-ofweek (DOW) composite, where pixel values are assigned the value corresponding to the day of the
compositing period from which their Max-NDVI value is taken. Note that composites remain in their
native sinusoidal projection.

1.3.5. Output Products: Output Products: Baseline and Standard Deviation composites
The generation of weekly Max-NDVI and DOW is not the end of the processing chain. We are often
interested in how the current week’s NDVI compares to the “historical” average (baseline) MaxNDVI conditions for that week. To do this, we must calculate the mean NDVI conditions for the week
in question across the entire MODIS historical record, then calculate the difference (anomaly)
between the current week’s Max-NDVI (current conditions) and the baseline.
The baseline calculation tool generates two outputs. These are: (i) a baseline Max-NDVI composite
for each week in the growing season (used to describe the long term “baseline” Max-NDVI
conditions for a given week) (Av.MaxNDVI.*); and (ii) a standard-deviation Max-NDVI composite for
each week in the growing season (used to describe the historical variability in Max-NDVI values for a
given week) (St.MaxNDVI.*).
Figures 10 and 11 illustrate output rasters generated by the baseline calculation tool. The example
shown here uses 12 tiles of MODIS data for week 18 2000-2009. Baseline and standard deviation
composites are generated as 32-bit float Geotiff rasters. All GeoTiff rasters remain in their native
sinusoidal projection (Fig. 11).

Figure 10: Directory listing showing GeoTiff rasters generated by the baseline calculation tool:
Averages (Av.MaxNDVI.*) and standard deviation (St.MaxNDVI.*) (example shown for week 18,
2000-2009). Note also the logfile that contains information on the files used as input to the
calculations.

(a)

(b)

Figure 11: (a) The baseline (mean) of Max-NDVI for week 18 (2000-2009) and (b) the standard
deviation of Max-NDVI for week 18 (2000-2009). We use the rescaled Max-NDVI composites
(rncom*; NDVI ranges from 0-1) in the baseline and standard deviation calculations. Note that
composites remain in their native sinusoidal projection.

1.3.6: Output Product: Anomaly composites
The compositing tool generates one output: anomaly composite for each weekly Max-NDVI
composite (note: baselines and anomalies are calculated using the rescaled Max-NDVI products).
Figures 13 and 14 illustrate output rasters generated by the anomaly calculation tool. The example
shown uses the Max-NDVI composite for week 18 2009 (DOY 117-123, 2009) and the baseline
created for week 18 using the ten weekly composites for week 18 from 2000-2009. Anomaly
composites are generated as 32-bit float Geotiff rasters. All GeoTiff rasters remain in their native
sinusoidal projection (Fig. 14).

Figure 13: Directory listing showing GeoTiff rasters generated by the calculation tool (example shown
for difference between week 18 2009 and the baseline calculated by week 18 Max-NDVI composites
for the years 2000-2009).

Figure 14: The NDVI anomaly for week 18 2009. This anomaly is calculated as the difference in NDVI
between the Max-NDVI composite for this week and the ten-year average (baseline) NDVI for this
week. Note that composites remain in their native sinusoidal projection.
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