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Abstract

:

Satellite derived vegetation indices (VIs) are broadly used in ecological research, ecosystem modeling, and land surface monitoring. The Normalized Difference Vegetation Index (NDVI), perhaps the most utilized VI, has countless applications across ecology, forestry, agriculture, wildlife, biodiversity, and other disciplines. Calculating satellite derived NDVI is not always straight-forward, however, as satellite remote sensing datasets are inherently noisy due to cloud and atmospheric contamination, data processing failures, and instrument malfunction. Readily available NDVI products that account for these complexities are generally at coarse resolution; high resolution NDVI datasets are not conveniently accessible and developing them often presents numerous technical and methodological challenges. We address this deficiency by producing a Landsat derived, high resolution (30 m), long-term (30+ years) NDVI dataset for the conterminous United States. We use Google Earth Engine, a planetary-scale cloud-based geospatial analysis platform, for processing the Landsat data and distributing the final dataset. We use a climatology driven approach to fill missing data and validate the dataset with established remote sensing products at multiple scales. We provide access to the composites through a simple web application, allowing users to customize key parameters appropriate for their application, question, and region of interest.
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1. Introduction


The Normalized Difference Vegetation Index (NDVI) is arguably the most widely implemented remote sensing spectral index for monitoring Earth’s land surface. Since the earliest report of use in 1973 [1,2], the term NDVI is found in nearly 121,000 scientific articles, conference papers, and books (Google Scholar). The index capitalizes on the optical properties of the cellular structure of leaves; the photosynthetic pigments (chlorophyll, associated light-harvesting pigments, and accessory pigments) efficiently absorb radiation in the visible range of the spectrum (to power photosynthesis) and reflect radiation in the near-infrared (NIR) range. The simple formula of NDVI and its direct relationship to vegetation photosynthetic capacity is a proxy for a wide range of essential vegetation characteristics and functions (e.g., fraction of photosynthetic radiation absorbed by the canopy, leaf area, canopy “greenness”, gross primary productivity) with countless applications in agriculture, forestry, ecology, biodiversity, habitat modeling, species migrations, land surface phenology, earth system processes (nutrient cycling, net primary productivity, evapotranspiration), and even economic, social, and medical sciences.



Satellite remote sensing (SRS) allows for the calculation of NDVI globally at a range of temporal intervals and spatial resolutions dependent on sensor characteristics and the satellite orbit, with a common inverse relationship between temporal and spatial resolutions. The Landsat Mission, with its first sensor launched in 1972, is the only uninterrupted long-term (>30 years) high-resolution remote sensing dataset that can provide a continuous historic NDVI record globally. The Landsat record at 30-m resolution is ideally suited for local or regional scale time-series applications, particularly with the recent release of higher-level surface reflectance products from Landsat sensors 5 ETM, 7 ETM+, and 8 OLI from 1984 to present. Utilizing these products across scenes and through time, however, is not without complications [3], particularly for users without GIS and Remote Sensing training and resources. To create consistent mosaics or long-term time series, users must account for data record gaps, radiometric differences across sensors [4], scene overlaps, malfunctions (e.g., the Landsat 7 scan line corrector malfunction), and inherent noise (due to clouds, atmospheric contamination, missing auxiliary data, etc.). As the region of interest and temporal extent increases, data volume and compute processing needs present significant barriers to many users without access to high performance computing facilities or the necessary skills to manipulate such data. These limitations often prevent the implementation of such a dataset in ecological studies, conservation monitoring efforts, or teaching exercises despite the clear value of its application.



The rise of high performance computing clusters, public access to supercomputing facilities and cloud computing and storage removes many of the computational barriers associated with Landsat data. The ability to create user friendly applications that interacts with these computing services eliminates additional barriers associated with data manipulation and enables users with minimal technical coding skills to access and process data. We capitalize on the abilities of high performance computing resources and web-based software to provide a Landsat derived conterminous U.S. (CONUS), 30-m resolution, NDVI product (Figure 1). We use Landsat 5 ETM, 7 ETM+, and 8 OLI sensors, with a user specified climatology (historic NDVI value limited by a user-defined time-period) for temporal smoothing, and Google Earth Engine (a cloud-based geospatial platform for planetary-scale data analysis) for rapid data processing and visualization [5], to produce 16 day NDVI composites from 1984 to 2016. We validate the NDVI product by comparing against other established remote sensing products across multiple spatial scales. The resulting NDVI record enables greater use of Landsat data in answering crucial ecological questions across broad spatio-temporal scales at a higher level of spatial detail than possible with other currently available NDVI products. While Landsat composite products exist (e.g., the Web Enabled Landsat Data product [6] and the ability to create simple mean/median/max composites) our product improves upon these with the novel gap-filling and smoothing approaches (Figure 2). Additionally, we make the composites available through a dynamic web application, allowing users to customize key parameters to produce NDVI composites more suited to specific regions or ecological questions.




2. Materials and Methods


2.1. Data


We use the surface reflectance (SR) products from Landsat 5 ETM, 7 ETM+, and 8 OLI sensors to create NDVI composites. The Landsat satellites have near-polar orbits with a repeat overpass every 16 days; throughout the Landsat missions; however, two satellites have often operated simultaneously (Figure 3) in asynchrony, creating an eight-day return overpass for a given area.



Furthermore, adjacent orbits of a single sensor spatially overlap from 7% at the equator to 68.7% at 70° latitude [7]. During a single 16-day period there may be as many as four independent views for a given point. Our compositing method (Figure 4) capitalizes on the operation of multiple sensors and views to maximize the potential of retrieving an NDVI observation every 16 days.



The Landsat SR products [8,9] correct for atmospheric and illumination/viewing geometry effects, and are the highest level of image processing available for Landsat data. Although some images are not processed due to missing auxiliary data, the use of SR is generally more appropriate for measuring and monitoring vegetation at the land surface [10,11]. Landsat Surface reflectance products also contain useful pixel data quality flag information indicating clear, water, snow, cloud or shadow conditions, as determined by the CFMask algorithm [12]. We employ this information to select the best available data within each composite period.




2.2. Compositing


To produce a pixel-wise 16-day composite (date of composite plus subsequent 15 days), all available Landsat surface reflectance images (from 5 ETM, 7 ETM+, and 8 OLI) are processed. Landsat scenes are resampled bilinearly to a Geographic Coordinate System WGS84 grid of approximately 30 m (1/5000 degrees) resolution. NDVI is calculated as:


   N D V I =    (  ρ N I R − ρ R E D  )     (  ρ N I R + ρ R E D  )      



(1)




where ρNIR is surface reflectance in the near infrared band (band 4—Landsat 5, 7; band 5—Landsat 8) and ρRED is surface reflectance in the red band (band 3—Landsat 5, 7; band 4—Landsat 8). To account for sensor differences, we adjusted landsat NDVI values from Landsat 5 ETM and 7 ETM+ to match Landsat 8 OLI using a simple linear transformation: [13].


   N D V  I  L 8   = 0.0235 + 0.9723 × N D V  I  L 5 , 7     



(2)







Additionally, Landsat 5 scenes often contain abnormalities along scene edges, resulting in both missing data and erroneously high NDVI values. These pixels are removed by buffering 450 m inwards from the image mask (Figure S1). The buffer size was determined from visual inspection of a subset of Landsat 5 scenes, ensuring removal of all the erroneous pixels without losing substantial amounts of valid data. To ensure the best available data for each composite, a pixels are selected and used based on their quality flag. First, all pixels flagged as clear during a 16-day period are selected and the mean NDVI calculated. If no ‘clear’ pixels are available, the mean NDVI value of all ‘water’ and ‘snow’ pixels is used. If there are still no available pixels, (i.e., all pixels within the 16-day period are flagged as cloud or shadow, or no surface reflectance images are available) the pixel is filled with a climatology. The climatology is calculated as the median NDVI of ‘clear’, ‘water’ and ‘snow’ pixels over the same 16-day period from previous years, with the user specifying the number of years. The median climatology is used to minimize the effects abnormally wet or dry years within the climatology record. In rare instances when no climatology is available (i.e., all pixels within the set climatology length are flagged as cloud or shadow), the composite is filled with a no-data value.




2.3. Smoothing


As NDVI is a proxy for vegetation greenness, it is expected to follow a relatively smooth and continuous temporal profile. Outside of disturbance or land cover change events, a sudden drop in NDVI is likely due to atmospheric contamination or a quality issue not identified in the Landsat surface reflectance product [14,15]. To account for these anomalous declines, we employ a smoothing method, similar to iterative Interpolation for Data Reconstruction (IDR) [16]. If a composite NDVI value is less than the mean of the previous and following time step composites by a threshold of 0.1, it is replaced by that mean value. While Julien and Sobrino suggest iteratively smoothing until convergence is reached, we only smooth once as multiple runs significantly increases computational time at large scales. Invocation of the smoothing algorithm by the user is optional.




2.4. Quality


A quality band is provided to specify the attributes of the raw data used to calculate each pixel’s composite value. The quality band indicates if a composite value was calculated from clear pixels; water or snow pixels; or if the climatology was used. The quality band also indicates if a composite value is the result of smoothing. Table 1 shows the range of quality band values and descriptions.




2.5. Product Creation and Distribution


Landsat derived NDVI is available through a simplified web-interface (Figure 5, http://ndvi.ntsg.umt.edu/) that utilizes Google Earth Engine. Users define a region of interest, select a time period, the length of the climatology used for gap filling (2, 5, 10, 15, 20, 25, or 30 years), inclusion of Landsat 7 ETM+ SLC-off data, and whether to apply the smoothing algorithm. The customized NDVI composite is then produced (as a GeoTIFF) as requested based on the user defined parameters.




2.6. NDVI Comparisons Across Spatial Scales


We compare the Landsat derived NDVI record to independently derived finer and coarser resolution data, including: the green chromatic coordinate from in situ phenology camera (phenocam) observations and the Moderate Resolution Imaging Spectroradiometer 16-day 250 m NDVI product (MOD13Q1). We use Landsat derived NDVI composites with a five-year climatology for gap filling and employ the IDR smoothing algorithm for the validation comparisons.



2.6.1. Phenology Cameras


The PhenoCam Network provides automated, sub-daily, near-surface remote sensing of canopy phenology through digital repeat photography [17]. The images are continuous in time and robust to variation in illumination condition, with minimal influence from clouds or atmospheric effects, particularly when calculating vegetation indices [18]. Numerous studies [18,19,20,21] have demonstrated that the green chromatic coordinate (GCC; [22]); can be used to identify phenology phases and monitor canopy development, with strong correlations to NDVI time series. The GCC is calculated as:


   G C C =   D  N g     (  D  N r  + D  N g  + D  N b   )      



(3)




where DN is the digital number recorded by the camera and r, g, and b denote red, green, and blue channels respectively. PhenoCam Network sites within CONUS that had at least four years of continuous imagery were selected for analysis; resulting in 43 sites that include agriculture/crops, shrublands, grasslands, deciduous broadleaf forests, and evergreen needleleaf forests (Figure S2). We use the daily GCC90 data provided by the PhenoCam Network, which represents the daily 90th percentile of the GCC during daylight hours. A 16-day mean is calculated from the daily GCC90, using the same 16-day period as the Landsat NDVI product. The corresponding Landsat NDVI time series is extracted over each PhenoCam site, followed by calculation of Pearson correlation coefficients.



Within each image field of view (FOV), a predefined region of interest (ROI) is used to calculate the GCC, isolating the plant functional type (PFT) of interest. Depending on the FOV, more than one ROI can be defined, providing two independent time series of different PFTs. Four of the 43 sites contained two ROIs and we compare both ROIs at these sites to the single broader scale (30 m) Landsat NDVI time series.



The comparison of two independent vegetation indices derived from sensors with different bandwidths, fields of view, and viewing geometries is not without issue [23]. The GCC is more sensitive to leaf pigmentation than NDVI [24] and the Landsat pixel may not capture the camera FOV or may be smaller than the FOV. However, the PhenoCam data provides the only multi-year, high spatial and temporal resolution standardized product comparable to the 30 m land surface phenology signal. The correlations provide an assessment of the Landsat NDVI composites seasonal response to vegetation conditions either within or in close proximity to the camera FOV.




2.6.2. MOD13Q1


The MODIS VI products (MOD13) are designed to provide consistent spatiotemporal observations of vegetation conditions, have been continually produced since 2001 [25], and employed in at least 1700 peer-reviewed research articles (Google Scholar). The MOD13Q1 product has a 16-day NDVI composite with an approximate spatial resolution of 250 m. Like the Landsat NDVI product, the MOD13Q1 16-day composite period includes the composite date and 15 ensuing days. MOD13Q1 composites are created using a constrained-view angle, maximum value composite technique, and the MODIS surface reflectance product [26].



We compare the Landsat derived NDVI to the MOD13Q1 NDVI from 2000 to 2016. Time series of both products are extracted for a set of points across the CONUS domain (Figure S2) using a stratified random sample across land cover classes. Points are only selected within areas of homogenous land cover at the MODIS resolution, determined using the National Land Cover Dataset (NLCD) for 2001, 2006, and 2011 [27,28,29]. Within these homogenous regions, up to 50 random points are created, using Google Earth Engine’s random point function, for 12 major land cover classes across the domain (evergreen forest, deciduous forest, mixed forest, shrubland, grassland, pasture/hay, herbaceous wetland, wooded wetland, barren, developed-open space, and developed-low intensity). For certain land cover classes, less than 50 random points in homogeneous pixels are available, resulting in a total sample size of 356 points across the domain. To match resolutions, the Landsat NDVI was degraded to the MODIS 250 m resolution where the mean Landsat NDVI value was calculated within the extent of each MODIS pixel. The time series for both products were extracted, disregarding any null values, resulting in 131,973 paired observations. The Pearson correlation coefficients (r-value), mean bias, mean absolute bias (MAB), and root mean square error (RMSE) are calculated for the entire series and each location separately.






3. Results


3.1. Phenology Cameras Results


The phenocam correlation analysis (Table S1) resulted in 36 of the 47 ROIs exhibiting r-values greater than 0.70, and just three ROIs with r-values less than 0.30 (all ROIs: mean r-value = 0.72; range: −0.35–0.92; p < 0.01 for all cases). The high and significant correlations demonstrate that the 16-day Landsat composites do well in capturing the seasonal greenness patterns exhibited by the phenocam GCC90. The sites with the three lowest correlations provide good examples where the resulting NDVI values and their comparison to other data products requires careful interpretation. One site (drippingsprings; r = 0.22) presents a mismatch between the vegetation in the extent of the Landsat pixel and the ROI of the phenocam image. The phenocam ROI delineates a single deciduous broadleaf tree canopy in a narrow ravine, while the extent of the Landsat pixel includes other riparian zone species and shrubs above the ravine. Another low correlation site (oregonMP; r = −0.24) is from an evergreen needleleaf forest in Oregon. Examination of the quality band indicates this site is often obscured by clouds and snow in the winter months, resulting in a spurious NDVI time series with poorly defined seasonality, while the GCC90 time series provides a well-defined seasonal signal. The site with the lowest correlation (sedgwick SH; r = −0.35) contained two ROIs and is discussed below.



Three of the four sites with two ROIs displayed strong correlations both between ROI’s (0.81 < r < 0.94) and versus the Landsat NDVI (0.72 < r < 0.88). Therefore, even though the two ROIs within a site delineated separate PFTs, the PFTs displayed a common seasonality. The fourth site with one grass ROI and one shrub ROI, located on the Sedgwick Reserve in southern California, displayed contrasting results: Shrub vs. Grass ROI, r-value = −0.20; Shrub ROI vs. Landsat NDVI, r-value = −0.35; Grass ROI vs. Landsat NDVI, r-value = 0.75. Examination of the time series revealed that the Shrub ROI was out of phase with the Grass ROI, with a seasonal lag of approximately three months, resulting in negative correlations when compared to the grassland dominated NDVI signal.



The low correlation sites highlight two important considerations that must be accounted for when comparing satellite and ground-level observations. First, vegetation indices from satellite data represent integrated measures of the vegetation at the pixel scale often confounding comparisons to canopy scale indices, such as those derived from phenology cameras particularly over heterogeneous landscapes [30,31]. Second, phenology camera FOVs will vary from site to site, and in some cases an ROI may be beyond the extent of the satellite pixel that contains the camera, particularly when implementing high resolution (30 m) data.




3.2. MOD13Q1 Results


We found high correlations between the Landsat NDVI product and coarser MOD13Q1 observations (Table 2, Figure 6), with an overall r-value of 0.94. When disaggregated by the Landsat product quality flag these data show a higher correlation for clear pixels (r-value = 0.97), slightly lower correlation for climatology filled pixels (r-value = 0.88) and still lower correlation for snow/water pixels (r-value = 0.70).



When disaggregated to individual points, 258 of the 356 points (72%) exhibit r-values greater than 0.70, while 24 points had correlations lower than 0.30 (all points: mean r-value = 0.74; range: 0.01–0.97). The generally favorable results demonstrate that the 16-day Landsat NDVI composites track the greenness trends captured by the MOD13Q1 product. The relationship breaks down at some sites, especially within certain land cover classes (Figure 6).



The poorest performing land cover classes, with r-values less than 0.70, represent barren, evergreen needleleaf forest, and herbaceous wetland (mean r-values: 0.41, 0.57, and 0.64, respectively) land cover conditions. NDVI over barren land may be highly variable due to the high saturation of background soils affecting the sensors differently. The low mean correlations in evergreen forest is largely due to a few influential outliers. Many of these sites are located in the northwest. Similar to the oregonMP PhenoCam site, the time series are often contaminated with clouds and snow, and exhibit little NDVI seasonality. Temporal profiles of the Landsat NDVI and MOD13Q1 product (Figure 7), for a selection of points representing the major land cover classes across CONUS (Figure S2), demonstrate the strong correlation between the two products.



The profiles are particularly analogous during the growing season. It is mainly during the winter months where the profiles tend to diverge, as the Landsat composites are more likely contaminated with cloud and/or snow cover, with lower signal-to-noise. Additionally, in heterogeneous landscapes, the 30 m Landsat NDVI product better reflects the spatial variability of the underlying land cover (Figure 1 and Figure 8).





4. Discussion


The first-ever 16-day continuous and customizable Landsat derived NDVI composites produced here (30 m resolution for CONUS; 1984–2016) overcome many of the previous barriers of working with Landsat imagery (e.g., obtaining current or historical images; managing overlapping scenes; image storage and processing; etc.), permitting ecologists to focus time and effort on specific questions rather than data/imagery manipulation. The composites are well correlated with other observational benchmarks, including in situ phenocam observations of local vegetation conditions and coarser satellite observations from MODIS (MOD13Q1), demonstrating product capabilities for tracking greenness trends from local to regional extents. Fine spatial resolution products such as these, with a longer historical record (Figure 3), open the door to numerous analytical possibilities and applications, ranging from change detection (Figure S3) to conservation monitoring to ecosystem assessment [32,33,34]. The ability to customize the NDVI composite, per user specification, grants the use of a priori knowledge of the region to obtain the most suitable composite for the question at hand, producing an application ready product without the need for post-processing.



As with all remotely sensed products, the scope of Landsat derived NDVI has limitations, and is best suited for local or regional applications, where incomplete data are minimized due to a smaller spatial extent. Due to the infrequent return time of Landsat observations, data may be limited during the 16-day compositing period; cloudy pixels or the lack of surface reflectance images will reduce the overall data available for the composite. Additionally, due to the orbital paths of the Worldwide Reference System 2, a composite may be created from multiple scenes obtained from different dates within the 16-day period (e.g., different scenes that intersect an area of interest, but are acquired at the beginning and end of the 16-day period). If data are incomplete (e.g., cloudy pixels, scan line corrector errors of Landsat 7 ETM+, etc.) within these scenes, it is possible that two adjacent pixels can represent two different acquisition dates; if no data for the period are available then a climatology is used for gap filling, further distancing the dates used in the composite. Frequency of gap filling that occurs varies both geographically and seasonally, and is more likely when only a single Landsat sensor is operational. Furthermore, gap filling with climatology may produce anomalies, particularly during unusually wet or dry years, yielding systematically low or high values, respectively. These caveats may result in visual artifacts in areas with incomplete data or along scene edges.



The real power of emerging big data, cloud and web-based applications, and technologies (e.g., Google Earth Engine, GeoTrellis, GeoMesa, Apache Spark, etc.) is our new-found ability to create customizable geospatial products. Publicly available applications may be built upon these technologies, ultimately allowing users greater flexibility to provide input data, set spatial or temporal restrictions, modify parameters of algorithms, or perform on the fly testing and validation before final analysis. Such capabilities change the paradigm of static geospatial products to dynamic geospatial products, where the output is dependent upon the user’s knowledge of both the system and the question. Although this requires products to be generated as needed, it provides the ability to create a much more appropriate product for any given system and question. The Landsat NDVI product and its associated web application (http://ndvi.ntsg.umt.edu/) provide a glimpse into this reality of dynamic geospatial products.




5. Conclusions


The present work introduces a unique approach to creating and disseminating high resolution spatially and temporally continuous Landsat derived NDVI. Our motivation is to remove the barriers of these datasets to further conservation and ecological research. Sixteen-day composites are created by selecting the best available pixels during each 16-day composite period from all available Landsat sensors. Missing values, due to unprocessed scenes, atmospheric contamination, or sensor malfunction are gap filled with a user-defined climatology. The resulting NDVI time series is then smoothed to approximate natural vegetative phenology. We validate the NDVI dataset using established remote sensing products at multiple scales, demonstrating the effectiveness of our approach. We provide open access to the dataset through a simple web application (http://ndvi.ntsg.umt.edu/) enabling ecologists, land managers, conservationists, and others–who may not have the compute processing capacity or technical skills–to process massive amounts of remote sensing data. This process is simplified with Google Earth Engine, an advanced planetary-scale cloud-based geospatial processing platform, which processes and distributes the product. Each 16-day composite for CONUS requires processing of at least 2700 individual Landsat scenes (more if the climatology is used for gap filling). The web application permits on-the-fly processing with customizable parameters, eliminating the need to store large amounts of data. Although we limit this study to CONUS, the framework can be expanded beyond CONUS where Landsat surface reflectance data are available and to include other useful vegetation indices (e.g., EVI, SAVI), and can be updated to accommodate updates or reorganization of the Landsat archive (e.g., Collection 1) or be modified to utilize other satellite remote sensing datasets.
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Figure 1. (a) A 30 m continuous CONUS Landsat NDVI composite for 28 July 2015. Our methods produce broad scale composites with minimal gaps in data and reduce the effect of scene edges and Local scale comparison of (b) Landsat NDVI at 30 m and (c) MODIS MOD13Q1 at 250 m from the same composite period. The Landsat product provides added spatial detail important in measuring certain ecological processes. 
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Figure 2. (a) A simple 16-day mean NDVI composite from 28 July to 12 August 2015 created from Landsat 7 and 8 sensors. The composite contains missing data due to cloud cover and scene edges are apparent due to differing acquisition dates. (b) A 16-day climatology (5-year) gap filled composite for the same time and location. The climatology is user defined in order to produce an appropriate composite for the question being asked. 
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Figure 3. A timeline showing the data availability for Landsat NDVI, based upon Landsat surface reflectance products and MOD13Q1. The extended Landsat record provides a longer continuous record of high resolution NDVI. 
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Figure 4. A flow chart demonstrating the NDVI compositing process, in which the best available pixels from all available Landsat sensors are selected and combined to produce the final NDVI composite value. 
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Figure 5. A screen shot of the NDVI web application (https://ndvi.ntsg.umt.edu). To download a composite, users set their desired parameters in the left panel. The region of interest can either be an uploaded shapefile or a polygon drawn directly on the map. The composite is processed on the fly and users are notified via email when it is ready to download. 
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Figure 6. The distribution of Pearson correlation coefficients between MOD13Q1 NDVI and Landsat NDVI for each land cover class. * represent suspected outliers (observations that fall outside the upper or lower quartiles plus or minus 1.5 times the interquartile distance). 
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Figure 7. Time series of 30 m Landsat NDVI and 250 m MOD13Q1 NDVI time series from 2013 to 2015, separated by land cover class. After April 2013, the Landsat NDVI time series include data from both Landsat 7 and 8, while before April 2013 they included just Landsat 7 data. Each time series is from a single point, within a homogenous area (i.e., pixels where both Landsat and MOD13Q1 represent the same land cover), sampled at a location indicative of the major land cover classes. 






Figure 7. Time series of 30 m Landsat NDVI and 250 m MOD13Q1 NDVI time series from 2013 to 2015, separated by land cover class. After April 2013, the Landsat NDVI time series include data from both Landsat 7 and 8, while before April 2013 they included just Landsat 7 data. Each time series is from a single point, within a homogenous area (i.e., pixels where both Landsat and MOD13Q1 represent the same land cover), sampled at a location indicative of the major land cover classes.



[image: Remotesensing 09 00863 g007]







[image: Remotesensing 09 00863 g008 550] 





Figure 8. (a) Pixel locations in central Washington, USA. Landsat derived NDVI can provide increased detail in heterogeneous landscapes. The difference in pixel shape is due to native projections being transformed to a common projection. (b) Chart for 2015 of a Landsat derived NDVI and MOD13Q1 NDVI time series. 
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Table 1. NDVI quality band values and descriptions.
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	Pixel Value
	Description





	10
	Clear not smoothed



	11
	Clear and smoothed



	20
	Snow or water not smoothed



	21
	Snow or water smoothed



	30
	Climatology not smoothed



	31
	Climatology smoothed
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Table 2. Mean bias, mean absolute bias (MAB), root mean square error (RMSE), and r-values for all the MOD13Q1 and Landsat NDVI sample points combined. Each statistic is calculated for all pixels and each quality flag separately.
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	Statistic
	All Pixels
	Clear Pixels
	Snow/Water Pixels
	Climatology Pixels





	Mean Bias
	−0.03
	−0.03
	−0.01
	−0.02



	MAB
	0.06
	0.05
	0.10
	0.09



	RMSE
	0.10
	0.08
	0.15
	0.14



	Pearson’s r
	0.94
	0.97
	0.71
	0.88
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