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ABSTRACT 

Space-borne remote sensing-based Vegetation Index data have historically been used as an 

indicator of green vegetation health and productivity. Vegetation Indices are robust, empirical 

and proxy measures of vegetation activity at the land surface. They are designed to enhance 

the vegetation reflected signal from measured spectral responses by combining two (or more) 

wavebands, often in the red (0.6 - 0.7 µm) and NIR wavelengths (0.7-1.1 µm) region. 

Vegetation indices are also used to support questions related to plant responses to climate 

change. The VI time series from various Earth Observing Systems is one of the longest records 

to date, providing data covering more than 40 years.  It is an invaluable data about ecosystem 

functioning and status over space and time. A large number of satellite sensors are used to 

construct vegetation indices aiming at observing and monitoring the environmental. Validation 

of these VI time series still depends on in-situ approaches to establish the accuracy and errors 

of satellite-derived VIs, but in-situ validation is limited in spatial footprint and is very costly. 

Yet, in-situ validation remains a critical endeavor because of issues related to spatial, spectral, 

temporal resolutions and processing methods differences across these sensors and missions.  

Here, we have developed an opportunistic validation approach in support of long-term VI time 

series data from sensors like the Moderate Resolution Imaging Spectroradiometer (MODIS), 

the Visible Infrared Imaging Radiometer Suite (VIIRS), the Advanced Very High-Resolution 

Radiometer (AVHRR), and Landsat.  The approach is based on the opportunistic use of high-

resolution data from the National Ecological Observatory Network (NEON) Airborne 

Observation Platform (AOP) hyperspectral sensor. NEON is an NSF funded effort for tracking 

and documenting the ecosystem change over 20 eco-climatic domains across the US. In this 

work, NEON AOP data is assumed to be ground truth, due to its hyperspectral nature, high 

resolution, and proximity to the ground which eliminates most of the atmosphere the source of 

most issues in remote sensing.  

In this work we used data from eight NEON sites, representing various types of land cover 

conditions ranging from dense to mixed forest to desert and semi-arid biomes. This validation 

framework consists of three steps: 1) Spatial and spectral convolution of the NEON data, 2) 

Statistical analysis to compute the uncertainty, precision, accuracy, (UPA) and errors in the 

data records, 3) Correlation analysis across the different sensors to elucidate sensor continuity. 

The general objective is to extrapolate these site-specific results and provide a systematic 
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characterization of the VI data record error and uncertainty budget over time and space and 

from the various synoptic sensors. 

Overall, our results point to a general trend of high accuracy and precision in the global VI 

time series, a strong intrinsic continuity across the different sensors at both ends of the 

vegetation density spectrum, and slightly more noise and lack of accuracy in heterogeneous 

and open canopies. This is because the results are mediated by different factor in the spatial 

and temporal domains.  

Results indicate high correlation among MODIS and Landsat VI data (coefficient of 

determination~95% and p value <0.01). For VIIRS we observed some difference compared to 

the other two sensors. For instances, NDVI global relationships are same for Landsat and 

MODIS whereas VIIRS shows weaker correlation than others. Unlike NDVI, VIIRS exhibited 

similar behavior as MODIS for EVI2 global correlation. In addition, concordance plots show 

similar correlation which helped to verify the results obtained from linear regression. From the 

concordance correlation analysis, we evaluated 95% confidence interval to understand range 

of datapoints. For most of the sites sample datapoints fall into three sigma limit, which 

indicated that the model operates efficiently and produced result of highest quality. For dense 

forest areas exception is occurred mostly due to cloud. Also, these differences can be occurred 

due to the distinction between sensors resolutions. For sparsely vegetated and dense forest areas 

the datasets were highly precise (50%) indicating the strong compactness of data points with 

small standard deviation. This was in contrast to the semi-arid regions and less dense forests 

areas, that showed more data spread from the average value, and higher standard deviations, 

indicating less precision. These results are consistent with previous research works that suggest 

homogeneity versus heterogeneity play a major role in data accuracy and noise. 
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1. INTRODUCTION 

1.1 Vegetation Index 

Vegetation Index (VI) is a spectrally based ratio that captures the land surface vegetation 

greenness, health, and productivity (Didan et al., 2015, Tucker, 1979). It is based on the 

differential interaction between green photosynthetically active vegetation in the red and near 

infrared (NIR) spectral regions, called red edge (Rhew et al., 2011, Steven et al., 2003). In this 

spectral region vegetation interaction with solar radiation is dominated by the almost complete 

absorption by chlorophyll of the visible portion of light, particularly in the blue and red spectral 

zones, and the scattering and reflection of the near infrared (NIR) radiation due to leaf structure 

(Gitelson, 2004, Tucker et al., 2010, Huete et al., 2002). No other natural Earth cover interacts 

with radiation in this fashion, which permits the separation of green vegetation from almost all 

other objects (Steven et al., 2003). Combining the red and NIR spectral responses into a single 

VI value for each observed pixel leads to consistent, high spatial and temporal fidelity images 

that support a variety of science questions related to land cover distribution, change, carbon 

cycle, and general terrestrial ecosystems activities (Jackson & Huete, 1991, Myneni et al., 

1995). 

Theoretically, vegetation indices are derived from examination of typical spectral reflectance 

signatures of leaves. Photosynthetically active pigments absorb mostly in the blue (470 nm) 

and red (670 nm) spectrum which results in a very low amount of energy reflection in the 

visible spectral region. Almost all of the NIR is scattered (reflected and transmitted) back with 

little absorption, which is dependent on the structural properties of a canopy. As a result, the 

contrast between red and near infrared responses is a sensitive measure of vegetation amount, 

with maximum red−NIR differences occurring over a full canopy and minimal contrast over 

targets with little or no vegetation (figure 1). For low and medium amounts of vegetation, the 

contrast is a result of both red and NIR changes, whereas at higher amounts of vegetation, only 

the NIR contributes to increasing contrasts as the red band becomes saturated due to 

chlorophyll absorption (Jackson & Huete, 1991, Didan et al., 2015). 

Plants and objects absorb and reflect light differently in the different regions of electromagnetic 

spectrum (figure 1). This contrast allows the distinction between healthy/stressed/dead plants. 

VIs have a wide range of applications in different disciplines. Some applications are: 

agricultural studies (plant stress, precision agriculture), estimation of carbon content, net 
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primary production, climate change detection, land cover, estimation of biophysical vegetation 

parameters (leaf area index, percent green cover) (Brantley et al., 2011). 

 

Figure 1: Plants absorb and reflect light differently depending on the wavelength and plant health 

status. The photosynthetic process absorbs most of the visible light (blue-red region) and vegetation 

reflect much of the near-infrared (NIR). These differences permit the separation of healthy from 

stressed plants and/or other objects. The noisy portions of the spectrum (1350-1400 nm, and 1800-

1900 nm) are due to poor signal-to-noise in those regions (www.science.nasa.gov).   

1.1 Types of Vegetation Index 

There are many vegetation index formulations that capture vegetation sensitivity with 

essentially the same goal of measuring changes in the spatial and temporal distribution of 

vegetation (Jarchow et al., 2018). Two VIs are most widely used, one is the Normalized 

Difference Vegetation Index (NDVI), known as the ‘continuity index’ calculated from most 

satellite sensors (like -MODIS, Landsat, VIIRS, NOAA-AVHRR, etc.) (Didan et al., 2015). 

NDVI is the most widely available and used vegetation index developed in 1975 to leverage 

the spectral data from Landsat for assessing global agriculture and forestry distribution and 

productivity. The other widely used VI is the Enhanced Vegetation Index (EVI), which works 

better in high biomass regions and reduces atmospheric and background (soil) variability. 

These two VIs complement each other and provide consistent, spatial and temporal comparison 

of vegetation conditions (Huete et al., 2002, Didan et al., 2018). 

  

1.0 
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1.3 Normalized Difference Vegetation Index (NDVI) 

The NDVI is calculated by normalized transformation of the NIR to red reflectance ratio, 
𝜌𝑁𝐼𝑅 

𝜌𝑟𝑒𝑑
, 

which is designed to standardize VI values to between −1 and +1. It is expressed as: 

𝑁𝐷𝑉𝐼 =  
𝜌𝑁𝐼𝑅 −  𝜌𝑅𝑒𝑑

𝜌𝑁𝐼𝑅 +  𝜌𝑅𝑒𝑑
… … … … … … … … … … … … … . . . … . (1) 

As a ratio, NDVI has the advantage of minimizing certain types of band-correlated noise 

(positively-correlated) and influences related to variations in direct/diffuse irradiance, clouds 

and cloud shadows, sun and view angles, topography, and atmospheric attenuation. Rationing 

can also reduce, to a certain extent, calibration and instrument-related errors (Pettorelli et al., 

2005, Brown et al., 2006). The extent of minimizing noise by rationing depends on the 

correlation of noise between red and NIR responses and the degree to which the surface exhibits 

Lambertian (angle independent) behavior (Lyapustin et al., 2012).  

When difference between absorbed light in the red region and reflected light in the NIR region 

is relatively large, the NDVI value is relatively high. A high NDVI value indicates healthy leaf. 

On the contrary, relatively small differences in the two regions results in a relatively low NDVI 

value, which indicated dead or stressed leaf (figure 2). 

 

Figure 2: NDVI correlation with plant health and greenness. The value of NDVI helps differentiate 

healthy from stressed plants (www.greenaerotech.com).  
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1.4 Enhanced Vegetation Index (EVI) 

The enhanced vegetation index (EVI) is designed to optimize the vegetation signal with 

improved sensitivity in high biomass regions. An improved vegetation monitoring is achieved 

by the de-coupling of the canopy background signal and a reduction in atmosphere influences 

(Huete et al., 2002). EVI is computed following equation (2): 

𝐸𝑉𝐼 = 𝐺 ×
(𝜌𝑁𝐼𝑅 −  𝜌𝑅𝑒𝑑)

(𝜌𝑁𝐼𝑅 +  𝐶1 × 𝜌𝑅𝑒𝑑 − 𝐶2 × 𝜌𝐵𝑙𝑢𝑒 + 𝐿)
… … … … … … … (2) 

where 𝜌𝑁𝐼𝑅 and 𝜌𝑅𝑒𝑑 are atmospherically-corrected red and NIR surface reflectance, L is the 

canopy background adjustment factor that addresses the non-linear differential NIR and red 

radiant transfer through a canopy (Huete 1988), and C1, C2 are the coefficients of the aerosol 

resistance term, which uses the blue band to correct for aerosol influences in the red band. The 

coefficients adopted for MODIS-EVI algorithm are; L=1, C1 = 6, C2 = 7.5, and G (gain factor) 

= 2.5 (Huete et al., 2002). 

1.5 Two band EVI (EVI2) 

Normalized Difference Vegetation Index (NDVI) is chlorophyll sensitive, while the EVI is 

more responsive to canopy structural variations, including leaf area index (LAI), canopy type, 

plant physiognomy, and canopy architecture (Gao et al., 2003). Over bright targets like snow, 

ice or clouds, EVI exhibits inconsistent behavior. Use of EVI is only limited to sensor with 

blue band, which tends to be incompatible and spectrally different across sensors. For instance, 

MODIS blue band (459-479 nm) and VIIRS blue band (478-498 nm) do not overlap, which 

hinders the process of cross sensor validation. To resolve these issues, a two-band version of 

EVI has been developed, known as EVI2. Blue band of EVI is mostly used for atmosphere 

resistance and provides little to no biophysical information, EVI2 eliminates the need for blue 

band. EVI2 functions similarly to EVI and make effective use of red and NIR band spectral 

response information (Jiang et al., 2008).  

EVI2 is expressed by following equation (3): 

𝐸𝑉𝐼2 = 𝐺 ×
(𝜌𝑁𝐼𝑅 −  𝜌𝑅𝑒𝑑)

(𝜌𝑁𝐼𝑅 + 𝐶1 × 𝜌𝑅𝑒𝑑 + 𝐿)
… … … … … … … … … . (3) 

where 𝜌𝑁𝐼𝑅 and 𝜌𝑅𝑒𝑑 are atmospherically-corrected red and NIR surface reflectance, L is the 

canopy background adjustment factor that addresses the non-linear differential NIR and red 

radiant transfer through a canopy (Huete, 1988), and C1 is the coefficient of the aerosol 
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resistance term, which uses the blue band to correct for aerosol influences in the red band. The 

coefficients adopted for MODIS-EVI2 algorithm are; L=1, C1 = 2.4, and G (gain factor) = 2.5 

Therefore, these vegetation indices complement each other in global vegetation studies and 

improve upon the detection of vegetation changes and extraction of biophysical parameters. 

Vegetation Index time series from various Earth Observing and Imaging system, such as 

Landsat 5-TM (Thematic Mapper), Landsat 8-OLI (Operational Land Imager), MODIS and 

VIIRS, is now one of the longest Earth system data records. Various satellites have been 

continuously collecting images of the earth for over 40 years starting from early seventies till 

present. These long-term data records is increasing gradually. These data sets, generated from 

different sensors at different spatial and temporal resolution, need continuous characterization 

and validation to support accurate analysis. Characterizing and validating remote sensing data, 

in particular vegetation index, is a critical effort that can help establish the value of these 

records and the error and level of uncertainty associated with their time series. Traditionally 

validating these global records is resources intensive, time consuming, and never 

comprehensive. To date, most of the validation efforts are based on in-situ measurements that 

cover limited space and time with limited results. Several new validation approaches using 

networks such as- Aeronet, Fluxnet, Long Term Experimental Ranges, etc. have been 

recognized as key long-term observation sources for validating a variety of ecosystems 

parameters at these tower sites, including vegetation indices. Data collected at these sites are 

used in cross validating and characterizing remote sensing products via spatial scaling 

augmented by medium resolution data from sensors like Landsat (TM) as a quasi-ground truth. 

Here, we address these previous limitations by validating and characterizing remote sensing 

based vegetation indices derived from coarse resolution sensors- MODIS, VIIRS, and medium 

resolution sensor like Landsat (TM and OLI) using a data fusion approach based on the 

opportunistic availability of National Ecological Observatory Network Airborne Observation 

Platform (NEON AOP) hyperspectral data from key biomes ranging from moist and dense 

coastal forests, to mixed forest, to agricultural areas, to desert and semi-arid biomes.  The 

approach will use a variety of statistical and data science analysis techniques for the fusion, 

interpretation and error analysis of these data records. The ultimate goal of this research is to 

provide a systematic characterization of these long-term Vegetation Index records, error and 

uncertainty budgets over time and space and help support accurate environmental change and 

trend analysis. 
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The goal is to validate long-term VI time series obtained from various satellite sensors of coarse 

and medium resolutions (MODIS/VIIRS/Landsat) combining with high resolution data from 

National Ecological Observation Network (NEON AOP). NEON is an NSF funded effort for 

tracking and documenting the ecosystem change over 20 eco-climatic domains across the US. 

They provide hyperspectral high-resolution data at each site. With this NEON data we plan to 

assess the characteristics of vegetation indices (NDVI and EVI2) generated from MODIS, 

VIIRS or Landsat sensor. We consider NEON AOP data to be true measurement because of its 

hyperspectral nature, minimal atmospheric issues, and high spatial resolution. Other specific 

aims of this validation work are to develop a statistical method for fusing these big and diverse 

datasets, estimate the uncertainty and error associated with VI records.  

Eight currently operational NEON sites representing a wide range of biome types from dense 

forest to mixed forest to desert and semi-arid biomes were selected for this work. Since the 

error and uncertainty in the VI records are also related to the level of data pre-processing, we 

only considered filtered data for issues like- cloud, aerosol, shadow, and viewing geometry to 

limit the validation to the actual sensors’ performance. We first performed spatial and spectral 

convolution for resampling the data to the specific sensors considered. Secondly, we applied 

statistical analysis techniques for computing uncertainty, precision and accuracy and for 

estimating error percentages. We considered NEON AOP data to be the ground truth and 

consequently calculated Uncertainty, Precision, and Accuracy (UPA) parameters for all other 

sensors. The ultimate goal is to supplement any VI time series with a measure of its uncertainty 

and error to support VI based ecosystem research. 
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2. LITERATURE REVIEW 

The Moderate Resolution Imaging Spectroradiometer (MODIS) launched aboard Terra and 

Aqua satellite in 1999 and 2002 respectively, continues to capture multispectral Earth images 

every 1-2 days, providing a long-term record of NDVI and EVI (Barnes & Salomonson, 1992, 

Huete et al., 2002, Justice et al., 2002). The National Aeronautics and Space Administration 

(NASA) plans to decommission MODIS by 2022 (Thome & Wolfe, 2016), and the record will 

continue with data from the Visible Infrared Imaging Radiometer Suite (VIIRS) launched 

aboard the Suomi National Polar-orbiting Partnership spacecraft in 2011. VIIRS is already  

providing consistent, continuous Earth system data and will continue to do so for the next 30 

years (Murphy et al., 2001). Separately, the U.S. Geological Survey (USGS) continues to 

support the Landsat satellite mission since July 23, 1972 to the present (Gallant, 2015). Landsat 

4-5 Thematic Mapper (TM), Landsat 7 Enhanced thematic Mapper Plus (ETM+), and Landsat 

8 Operational Land Imager (OLI) are different versions of this mission (Guide, 2017). The VI 

products from this USGS mission is calculated using atmospherically corrected surface 

reflectance data (Jarchow et al., 2018).  

Recently, the National Ecological Observatory Network (NEON), a National Science 

Foundation (NSF) funded effort, developed a framework to observe, document, and track 

ecosystem change over 20 eco-climatic domains across the US and plans to provide 30 years 

of consistent observation (peak season) of a long list of ecosystem metrics, including 

hyperspectral high-resolution data of the sites. NEON has started collecting data over different 

regions from 2013 and by 2018 it has covered 75% of its designated areas and will continue 

collecting data from these different sites by rotation. 

With these data records growing and spanning multiple decades and generated from different 

sensors it is becoming crucial to characterize them and understand their performance. 

Continuous validation is critical because of variation in spatial, spectral, and temporal 

resolutions across these sensors. Traditional validation is based on expensive field work with 

limited footprint and time frequency. Many validation efforts to date have been based on data 

cross comparisons (Piesk and Chen, 2007, Rhew et al., 2011, Steven et al., 2003, Jarchow et 

al., 2018). On the other hand, validation based on the use of high frequency observations around 

in situ towers (in particular Fluxnet and Aeronet sites), supported by medium and high- 

resolution sensors like Landsat OLI presents an opportunity to expand these validation efforts 

and was applied effectively (Baldocchi et al., 2001; Holben et al., 1998). For instances, Fluxnet 

provides information about plant and soil data to the science community, which used for 
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validating computations of net primary production, energy absorption etc. Also, this project 

supports inter-comparison of datasets acquired from sensors mounted on satellites.   

The objective is to design an opportunistic validation approach based on the high resolution 

and hyperspectral NEON AOP images. These observations can serve as ground truth given 

their characteristics. By considering the flight elevation of NEON AOP (1 km), the atmospheric 

influences are eliminated or minimized. The higher spatial resolution NEON AOP data (1-

meter) provides a higher level of land cover segmentation that can help reveal the impact of 

land cover mixing on the coarse and medium resolution VI data. The AOP hyperspectral data 

allows for the simulation of any coarse to medium resolution and multispectral sensor. Only 

concurrently or near concurrently collected data will be considered.  
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3. RESEARCH OBJECTIVES 

We plan to use NEON AOP data observations to characterize the vegetation indices (NDVI 

and EVI2) generated from MODIS, VIIRS or Landsat sensor during concurrent overpasses. In 

this work we considered NEON AOP data to be the ground truth because of its hyperspectral 

nature, high spatial resolution, and minimal atmospheric contamination.  While the overall and 

general objective of this research is to validate coarse and medium resolution vegetation index 

data from MODIS, VIIRS and Landsat OLI with high resolution NEON AOP data, the specific 

objectives are: 

1. Develop a processing methodology (shown the schematic diagram in figure 11) for the fusion 

of the different data sources into a consistent data record useful for this validation effort, 

2. Use these data to assess the uncertainty and error in the coarser to medium resolution VI 

records 

3. Estimate the accuracy, precision and uncertainty (UPA) of the time series in space and time 
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4. STUDY SITES 

Since NEON AOP will provide the bulk of the cross-validation data and observations, our 

study sites will be limited to the currently available NEON field sites. The National Ecological 

Observatory Network has 81 field sites strategically located across the United States, including 

47 terrestrial field sites and 34 freshwater aquatic field sites (www.neonscience.org). All 

NEON data collected at these sites are open access; and they are collected using standardized, 

well documented methods to enable users to better understand how these ecosystems are 

changing. NEON field sites cover 20 eco-climatic domains that represent regions of distinct 

landforms, vegetation, climate and ecosystem dynamics. The observatory’s regional domain 

approach is designed to statistically represent ecological, physical and biological variability 

across the continent.  From wide variety of NEON filed, eight representative sites are selected 

for this study and used to evaluate VI’s ability to monitor and assess vegetation conditions over 

a diverse range of biomes represented by these NEON sites. NEON AOP collects data during 

peak growing season. The data collected in the field sites can be compared with satellite sensor 

data (MODIS/VIIRS/Landsat etc.), so that researchers can study connections and patterns 

across ecosystems and then develop models to forecast environmental change locally, 

regionally and at a continental scale. NEON plans to collect data for a long period of time (30 

years) making its selection as a validation framework reasonable and reliable in supporting the 

validation of these coarse and medium resolution sensors.  

The ecoclimatic domains observed by NEON AOP represent regions of distinct landforms, 

vegetation, ecosystem and climate dynamics all over the North America (figure. 3). Core field 

sites are characterized by the representation of wildland conditions in specific domain, long 

term accessibility for data collection and availability of regular air survey if possible.  

file:///E:/MS%20research/plots/www.neonscience.org
file:///E:/MS%20research/plots/www.neonscience.org
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Figure 3: Map of NEON sites and ecoclimatic domains. These domains are selected 

strategically to capture most ecological and climatological conditions 

(www.neonscience.org/field-sites/field-sites-map).  

 

Only eight specific NEON sites (figure. 4) covering a diverse number of conditions ranging 

from moist and dense coastal forests, to mixed forest, to agricultural areas, to desert and semi-

arid biomes were selected for this study. These sites cover most canopy densities, land uses, 

and climate drivers. Data collected over these sites will be acquired from the open access 

NEON project site. The eight study sites, specified in Table 1, are: 

1. SRER: Santa Rita Experimental Range Site, AZ 

2. JORN: Jornada LTER Site, NM 

3. BART: Bartlett Experimental Site, NH 

4. HARV: Harvard Forest Site, MA 

5. WOOD: Woodworth Site, ND 

6. JERC: Jones Ecological Research Center, GA   

7. ABBY: Abby Road Site, WA 

8. GRSM: Great Smoky Mountains National Park Site, TN 

These study sites were selected to represent a variety of climate regimes as defined by the 

K�̈�ppen climate classification system (Peel et al. 2007) and land cover types. The K�̈�ppen 

system can be used to analyze ecosystem conditions and identify the main types of vegetation 
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within each climate. Due to its link with the plant life of a region, the system is useful in 

predicting future changes in plant life within a region.  

 

 

Figure 4: Specific NEON sites selected for this study. These sites represent various land cover types, 

different ecosystem and climatic condition. 

 

. 

 

 

WOOD: Woodworth Site, ND 

D09: Northern Plains  

HARV: Harvard Forest Site, MA 

D01: Northeast  

BART: Bartlett Experimental Site, NH 

D01: Northeast  

GRSM: Great Smoky Mountains National Park Site, TN 

D07: Appalachians and Cumberland Plateau  

JERC: Jones Ecological Research 

Center, GA D03: Southeast  
JORN: Jornada LTER Site, NM 

D14: Desert Southwest  

SRER: Santa Rita Experimental Range Site, AZ 

D14: Desert Southwest  

ABBY: Abby Road Site, WA 

D16: Pacific Northwest  
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Table 1: Selected NEON field sites specification  
Domain 

number 

Domain 

name 

State Site name Lati-

tude  

(°) 

Longi-

tude  

(°) 

Eleva-

tion 

(m) 

Mean 

annual 

tempe-

rature 

(F) 

Mean 

annual 

precipi-

tation 

(mm) 

Site type K�̈�ppen 

climate 

classifica-

tion 

Land cover type Climate type 

D14 Desert 

South-west 

New 

Mexico 

Jornada 

LTER-JORN 

32.59 -106.84 1329 62.6 173 Relocatable 

terrestrial 

BWh Shrub Hot desert climate 

D14 Desert 

South-west 

Arizona Santa Rita 

Experimental 

Range 

31.91 -110.83 983 68 290 Core 

terrestrial 

BWh Shrub Hot desert climate 

D01 North-east Massa-

chusetts 

Harvard Forest 

- HARV 

42.53 -72.17 351 46.4 967 Core 

terrestrial 

Dfa Deciduous 

Forest 

Evergreen forest 

Mixed forest 

Woody wetlands 

Hot summer humid 

continental climate 

D01 North-east New 

Hamp-

shire 

Barlett 

Experimental 

Forest - BART 

44.06 -71.28 232 46.4 1056 Relocatable 

terrestrial 

Dfa Deciduous 

Forest 

Evergreen forest 

Mixed forest 

Hot summer humid 

continental climate 

D07 Appala-

chians & 

Cumber-

land 

Plateau 

Tennessee Great Smoky 

Mountains 

National Park, 

Twin Creeks - 

GRSM 

35.68 -83.50 579 55.4 1396 Relocatable 

terrestrial 

Cfa Deciduous 

Forest 

Evergreen forest 

 

Humid subtropical 

climate 

D16 Pacific 

North-west 

Washing-

ton 

Abby Road - 

ABBY 

45.76 -122.33 363 46.4 2530 Relocatable 

terrestrial 

Cfb/Dsb Evergreen forest, 

Grassland/Herba

ceous 

Shrub 

Temperate oceanic 

climate/Mediterranea

n influenced warm 

summer humid 

continental climate 

D09 Northern 

Plains 

North 

Dakota 

Woodworth-

WOOD 

47.12 -99.24 579 41 490 Core 

terrestrial 

BSk Emergent 

Herbaceous 

Wetlands 

Grassland/Herba

ceous 

Cold semi-arid 

climate 

D03 South-east Georgia Jones 

Ecological 

Research 

Center - JERC 

31.19 -84.46 44 67.1 1307 Relocatable 

terrestrial 

Cfa Cultivated crops 

Deciduous 

Forest 

Evergreen forest 

Mixed forest 

Humid subtropical 

climate 
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5. DATA SPECIFICATIONS AND QUALITY ASSURANCE INFORMATION 

5.1 Data Specification 

In this study we considered the following sensors: MODIS, VIIRS, and Landsat. Below we 

provide key information about each of the sensors we plan to characterize, with focus on the 

cross-sensor data fusion.   

5.1.1 Landsat 8 Operational Land Imager (OLI) 

Landsat 8 collects and archives medium resolution multispectral image data at a 16-day interval 

affording seasonal coverage of the global landmasses. It provides moderate resolution imagery 

(30-meter spatial resolution) of Earth’s land surface. OLI operates in the visible, near-infrared, 

short wave infrared and thermal infrared spectrums. Landsat 8’s Operational Land Imager 

(OLI) collects data from nine spectral bands ranging from 0.433 µm to 1.390 µm. Landsat 8 

was launched in 2013 and provides data once every 16 days globally. Landsat is a medium 

resolution sensor providing quasi-nadir data albeit less frequently than MODIS and VIIRS. The 

first Landsat was launched in 1972 and continues to provide global image data from different 

missions. 

5.1.2 Moderate Resolution Imaging Spectroradiometer (MODIS)  

The MODIS launched abroad two spacecrafts- Terra and Aqua in 1999 and 2002 respectively. 

It collects data of entire Earth surface every-one to two days at three spatial resolution – 250-

meter, 500- meter, and 1000- meter. It has 36 spectral bands ranging from 0.405 µm to 14.385 

µm. Consequently, MODIS tracks a wider array of the earth’s vital signs than any other sensor. 

MODIS has a rigorous data processing scheme to insure the highest possible data quality and 

has done so for close to 20 years now (2000-2019).  And while validation efforts were carried 

to characterize the data (like BigFoot) their results were for the most part limited in space and 

time. Better characterization of these data records performance, error, and uncertainty is critical 

to science and should help establish the value of these data records (Justice et al., 2002). 

5.1.3 Visible Infrared Imaging Radiometer Suite (VIIRS)  

The VIIRS launched abroad on October 28, 2011, was flown on the Joint Polar Satellite System 

(JPSS) series of spacecraft which includes the Suomi National Polar Orbiting Partnership (S-

NPP). JPSS is a new generation satellite system and a collaborative mission of the National 

Oceanic and Atmospheric Administration (NOAA) and National Aeronautics and Space 

Administration (NASA). The VIIRS has moderate resolution imaging capabilities similar to 
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the AVHRR on NOAA and MODIS on Terra and Aqua satellites. It has 22 spectral bands 

covering wavelengths from 0.412 µm to 12.5 µm. The VIIRS is operating for environment 

monitoring and weather forecasting. It provides environmental data records of clouds, aerosol, 

snow and ice, sea surface temperature, vegetation fraction etc. VIIRS able to cover the Earth 

surface daily since its swath width is 3060 kilo-meter at 829 kilo-meter altitude. During land 

processing, VIIRS 375-meter bands are degraded to 500-meter to keep with the MODIS 

standard 500m products suite, and similarly the 750-meter bands degraded to 1000-meter.  This 

insures consistency across MODIS and VIIRS land products (Didan et al., 2018). 

5.1.4 National Ecological Observatory Network Airborne Observation Platform 

The National Ecological Observatory Network (NEON), is designed to collect data at field 

sites across the United States to help us better understand these ecosystems, and how and why 

they change over time. The NEON project will support and facilitate the study of the nation’s 

ecosystems by providing a wealth of open data and a continental-scale infrastructure for 

research. NEON’s automated instruments collect data 24/7 at terrestrial and aquatic field sites 

across the nation. They represent the vegetation, landforms and climates of those regions. At 

each field sites NEON uses a combination of automated instruments, observational sampling 

and airborne remote sensing technologies to collect data that characterize plants, animals, soils, 

nutrients, freshwater and atmosphere. During peak greenness, NEON’s AOP is flown over field 

sites to collect hyperspectral, lidar and high-resolution camera data. These remote sensing 

systems capture changes to land characteristics like topography as well as more complex 

processes like tree growth and forest health across an entire site from year to year. The Airborne 

Observation Platform (AOP) observes land use drivers, plant canopy, and habitat structure 

characteristics in the region around NEON sites, using remote sensing instruments deployed 

on a light aircraft. When AOP is fully operational, includes an imaging spectrometer, a 

scanning waveform recording LiDAR and a high-resolution digital camera. Each spring three 

payloads of AOP sensors are calibrated at the AOP laboratory. Usually NEON runs their 

sensors for data collection from May to October during peak growing seasons. The aircraft is 

flown approximately 1000m above ground level (AGL) height to collect data at 1-meter spatial 

resolution.  

The hyperspectral data consists of 426 bands covering the region 380-nanometer to 2510-

nanometer (https://data.neonscience.org/). This data offers an opportunity for validating higher 

order products and coarse and medium resolution multispectral remote sensing data. NEON is 



28 
 

an open science program which means all NEON data, protocols and resources are freely 

available online for anyone to use. NEON is unique in two ways. First, NEON uses a 

combination of data collection methods that are spatially integrated within and across field 

sites. Second, the data collection methods used are standardized across all sites to enable 

comparisons across the US. As a result, the data can be used to integrate ecological 

observations across multiple scales, detect changes in how our ecosystems function and enable 

forecasting of environmental change to inform resource management decisions (McCorkel et 

al., 2011)  

For over 40 years, a variety of remote sensing systems collected observation about the Earth 

system. Some of these platforms were decommissioned and others continue to operate creating 

one of the longest Earth system data records. Figure 5 summarizes the satellite sensors used in 

this work.  

 

Figure 5: Satellites/sensors combinations used in this study. For over 40 years, a variety of remote 

sensing systems collected observation about the Earth system. Landsat is one of the oldest 

satellites which started in 1972 and launched eight missions till now. MODIS, VIIRS are 

other operational satellite sensors which are collecting and archiving earth data in a 

continuous manner.  

 

5.2 Quality Assessment of Sensor Products 

The value of a satellite-based vegetation index data highly depends on many factors, especially 

the sensor spectral characteristics, spatial resolution, sensor calibration, data processing, and 

any additional data enhancement.  The error and uncertainty in any VI record highly depend 

on the level of data processing.  MODIS for instance, implemented a rigorous per-pixel quality 

assurance system that helps identify poor quality data helps improve the resulting products and 
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subsequent analyses (MODIS_LP_QA_Tutorial.pdf, 2004). VIIRS and Landsat TM/OLI also 

implement a similar, but less rigorous quality assurance approach.  

The main purpose of quality assessment is to evaluate and provide useful information about 

the overall scientific quality of a given data product (https://landweb.modaps.eosdis.nasa.gov, 

https://landsat.usgs.gov/landsat-surface-reflectance-quality-assessment). QA is provided as a 

means for increasing the value of data by allowing the elimination of noise and data bias. QA 

helps to understand which pixels might be affected by instrumental artifacts or atmospheric 

contamination (MODIS_LP_QA_Tutorial.pdf, 2004). Atmospheric correction is also an 

important step of quality for accurate retrieval of remote sensing reflectance (Eplee et al., 

2001). Atmospheric noises such as- aerosol, clouds, variable view angle are critical issues that 

needs to be addressed in the framework of this proposed work. Because contaminated pixels 

will affect the VI value and provide wrong information on vegetation growth, greenness, and 

health. Consequently, the wrong information will be considered as an indicator of 

environmental change, which potentially hamper most scientific research work 

(https://landweb.modaps.eosdis.nasa.gov).  

In this work, we only retain and consider data that is QA filtered to minimize issues, particularly 

clouds, shadow, and aerosols that are hard to correct.  The goal is to assess the error and 

uncertainty that result from the sensor operational and data processing rather than external 

factors like clouds and aerosol especially when they are not properly corrected or masked. 

Each sensor used in this work has their own QA methodology and we implemented a consistent 

QA filtering methodology to retain only the highest quality data possible across all sensors. All 

sensors’ land products use a per-pixel system of QA flags for characterizing the atmospheric, 

corrections, and other effects. Each pixel is defined by a list of different QA attributes, such 

as- clouds, cloud shadow, snow/ice, aerosol load. This per pixel system flag is similar across 

the three sensors considered for this research (MODIS, VIIRS, and TM/OLI) 

Landsat 8 implements an atmospheric correction scheme using SeaWIFS (Sea Viewing Wide 

Field-of-view Sensor) Data Analysis System (SeaDAS) (Franz et al., 2015) and is somewhat 

simpler compared to MODIS. Amount of aerosol radiance is computed based on the model 

from AERONET observation (Ahmad et al., 2010). Usually all the atmospheric correction is 

performed per pixel basis. Landsat has level-2 quality assurance flag system which is used for 

masking of data (Wei et al., 2018) 

https://landweb.modaps.eosdis.nasa.gov/
https://landweb.modaps.eosdis.nasa.gov/
https://landweb.modaps.eosdis.nasa.gov/
https://landweb.modaps.eosdis.nasa.gov/
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Remote sensing data collected by NEON AOP is qualitatively and quantitatively corrected to 

support meaningful information about the ecosystem properties and processes. Sensor viewing 

angle is a critical issue to consider as the path radiance depends on aerosol type, viewing 

geometry and solar illumination. To determine the accurate value of spectral radiance, an 

algorithm by ATCOR (Atmospheric & Topographic Correction) is used for correction of 

scattering angle depends upon aerosol type (B. Karpowicz, 2015). Estimation of other 

atmospheric occurrences like- molecular and aerosol particles, water vapor has been done to 

use NEON data for long term ecological studies. Each NEON site is equipped with a 

multispectral solar radiometer (a part of AERONET) is used for the atmospheric correction and 

data calibration. Ozone concentration is determined using ozone monitoring instrument (OMI) 

that are made freely available from NASA (McCorkel et al., 2011). 

In order to use these diverse data sets and derive meaningful validation, there are few issues to 

address: 

• The main reasons for divergences are the spectral differences (seeing different parts of the 

spectrum at different resolutions)  

• Each sensor has its own set of band specific Relative Spectral Responses (RSR). RSR 

measurements are assumed to be constant for all detectors covered by a common filter and 

are normalized to unity at peak response. We can use these unique RSR to simulate sensor 

data spectrally and spatially from hyperspectral images like NEON AOP. We assume that 

NEON-AOP, flying at 1km Above Ground Level, is the ground truth (due to the high 

fidelity, resolution, and lack of atmosphere) 

Band specific RSR for each sensor are shown in figure 6. The RSRs show differences for 

Landsat TM/OLI, MODIS and VIIRS.  
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Figure 6: Relative Spectral Response of MODIS, VIIRS, Landsat showing the band pass,  

width and distribution of each sensor. 
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6. MATERIALS AND METHODOLOGY 

6.1 Data Acquisition and Preprocessing 

Landsat 8 Operational Land Imager (OLI) surface reflectance (SR) and vegetation index 

products were acquired from the Science Processing Architecture of USGS Earth Resources 

Observation and Science Center (https://espa.cr.usgs.gov/). The spatial resolution of Landsat 

data was 30-meter We also downloaded 250-meter daily MODIS surface reflectance and 500-

meter daily VIIRS surface reflectance (SR) from the Land Processes Data Active Archive 

Center (LP DAAC) (https://lpdaac.usgs.gov/tools/data-pool/).  

The Aqua MODIS daily surface reflectance data products (MYD09GQ and MYD09GA) were 

downloaded for different tiles for the eight study sites.  MYD09GQ provides surface spectral 

reflectance at 250-meter for bands 1 and 2, and MYD09GA provides bands 1 through 7 at 500-

meter spatial resolution. These products are corrected for atmospheric conditions like gas, 

aerosol and Raleigh scattering. Blue band of MODIS was super-scaled to 250-meter from 500-

meter to match the red and NIR band resolution (250-meter). 

VIIRS daily surface reflectance (VNP09GA) product provides data for three imagery bands at 

nominal 500-meter resolution and nine moderate resolution bands at nominal 1 kilometer. The 

native VIIRS resolution are 375 and 750-meter, which are resampled to 500 meter and 1 

kilometer respectively. Atmospheric corrections are performed for these bands to minimize the 

effects of molecular gases, like ozone, water vapor and aerosols in a manner highly similar to 

MODIS.  

The NEON AOP data was collected from NEON API (Application Programming Interface) 

site (https://data.neonscience.org/data-api), which is open access. Data are available according 

to the domain code and ID, since the entire US is divided into 20 domains. There are five types 

of data products that are available, from where we downloaded: the land use, land cover and 

land processes data for our work. We processed NEON dataset using a custom Vegetation 

Index and Phenology laboratory (VIP) online tool NEON data explorer 

(https://vip.arizona.edu/tools/NEON/). All the NEON AOP files are spectrally and spatially 

convoluted to generate any desired multispectral sensor. The resulting resampled data can then 

be compared with MODIS/VIIRS/OLI data. The data simulated from NEON serves as ground 

truth in this case as described earlier. 

We assessed all satellite images visually at the specific time for each site. Then we selected 

only the cloud free, highest quality image from up to one or two day prior or after the NEON 

https://vip.arizona.edu/tools/NEON/
https://vip.arizona.edu/tools/NEON/
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AOP acquisition date. Table 2 shows the data periods for MODIS, Landsat, VIIRs and NEON 

AOP flight scenes for the years 2016 and 2017.Acquisition date differed between sensor 

platforms to minimize cloud cover and other issues. Images of insufficient quality were not 

analyzed. Table 3 shows the spatial, spectral and temporal resolution of Landsat OLI, MODIS, 

VIIRS, NEON AOP images used in this study. 

Table 2: Data acquisition date for sensors and NEON AOP 

Site Name Data 

Acquisi

tion 

Year 

Data Acquisition Date 

NEON AOP MODIS VIIRS LAND-

SAT Mission 

Start Date 

Mission 

End Date 

Data 

Date 

Santa Rita Experimental 

Range (SRER) 

2017 22 Aug 3 Sep 25 Aug 26 Aug 26 Aug 27 Aug 

Jornada LTER  

(JORN) 

2017 22 Aug 3 Sep 27 Aug 28 Aug 30 Aug 30 Aug 

Harvard Forest  

(HARV) 

2016 18 Aug 30 Aug 23 Aug 25 Aug 25 Aug 22 Aug 

Bartlett Experimental 

Forest (BART) 

2016 18 Aug 30 Aug 22 Aug 20 Aug 22 Aug 24 Aug 

Great Smoky Mountains 

National Park (GRSM) 

2016 30 May 24 Jun 5 Jun 6 Jun 8 Jun 2 Jun 

Abby Road 

(ABBY) 

2017 7 Jun 19 Jun 10 Jun 7 Jun 9 Jun 10 Jun 

Jones Ecological 

Research Center (JERC) 

2017 11 Sep 16 Sep 12 Sep 12 Sep 12 Sep 13 Sep 

Woodworth 

(WOOD) 

2017 16 Jun 29 Jun 22 Jun 20 Jun 19 Jun 19 Jun 

 

 

MODIS and VIIRS data products are organized in a tile grid based on a sinusoidal projection. 

First, for each study site we determined the tile position and downloaded data for the specific 

tile. Then using the latitude and longitude value of each NEON study site, tile images were 

resampled (figure 7). Table 4 summarizes the tile position for sites used in this work. 

  

Table 3. Sensor specification for cross validation 

Sensor Blue (nm) Red (nm) NIR (nm) Pixel size Temporal  

Drone  

(Parrot Sequoia) 

N/A 620-700 750-830 8 cm Any time 

 

NEON AOP Every 5nm (380-2510) 1 m Yearly 

LANDSAT OLI 450-510 640-670 850-880 30 m 16 days 

MODIS 459-479 620-670 841-876 250 m 16 days 

VIIRS 436-454 600-680 846-885 500 m 16 days 
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Table 4: MODIS tile grid position of each study site 

Site Name Tile position 

Santa Rita Experimental Range (SRER) h08v05 

Jornada LTER (JORN) h09v05 

Harvard Forest (HARV) h12v04 

Bartlett Experimental Forest (BART) h12v04 

Great Smoky Mountains National Park (GRSM) h11v05 

Abby Road (ABBY) h09v04 

Jones Ecological Research Center (JERC) h10v05 

Woodworth (WOOD) h11v04 

 

 

Figure 7: Each site image from MODIS, VIIRS, or Landsat is resampled to match the 

location of the NEON-AOP flight location. Further resampling is applied to only retain the 

exact extent of the flight lines.  

 

The Santa Rita Experimental Range (SRER), one of the sites used in this validation work is 

managed by the University of Arizona and home to the NEON is located East of Green Valley. 

On August 24th, 25th, 28th and 29th of 2017, the NEON AOP collected hyperspectral data over 

the range. Daily NDVI from surface reflectance from MODIS (250m), VIIRS (500m), and 
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Landsat8 (30m) for Santa Rita Experimental Range site are shown in figure 8. Because of the 

clouds, we used day of year (DOY) 236 (August 26th) for AQUA and VIIRS. And DOY 237 

(August 27th) for Landsat.  

MODIS 
    

DOY: 235 DOY: 236 DOY: 237 DOY: 238 

VIIRS 
    

DOY: 235 DOY: 236 DOY: 237 DOY: 238 

LANDSAT 

  

DOY: 237 DOY: 249 

NEON 

AOP 
 

DOY: 234-240 

Figure 8: NDVI calculated from surface reflectance for Santa Rita Experimental Range 

(SRER) site from MODIS, VIIRS, Landsat and NEON AOP. Only the best quality data 

day and closest to the NEON AOP flight is retained for analysis.  

Original images downloaded for MODIS, VIIRS, Landsat are resampled, filtered according to 

quality assessment scheme, spectrally and spatially convoluted by NEON AOP data. After that 

we computed VI from red and NIR band surface reflectance. We then visualized each day 

images to determine the best one. Original sensor image and simulated NEON image 

(RGB/NDVI/EVI2) for each sensor for Santa Rita Experimental Range (SRER) site is shown 

in figure 9. Images for other sites are included in appendix C. 
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 (a) RGB (b) NDVI (c ) EVI2 

 

   

Landsat 8 original image 

   

NEON simulated Landsat 8 image 

   

MODIS original image 
Santa Rita 

Experimental Range 

(SRER) 

Home for NEON AOP 

flight in Arizona 

   

NEON simulated MODIS image 

   

VIIRS original image 

   

NEON simulated VIIRS image 

Figure 9: Landsat 8, MODIS, VIIRS original and simulated images from NEON AOP, (a) 

RGB, (b) NDVI, (c) EVI2 (respectively) for Santa Rita Experimental Range (SRER) site. 
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6.2 Methodology of NEON AOP data processing 

A data processing pipeline for fusing the limited drone data and NEON AOP hyperspectral to 

a level where they can be compared to the concurrent data from TM/OLI, MODIS, or VIIRS 

is developed. This data fusion approach considered the NEON (and drone) data as ground truth 

because of its high resolution, minimal atmospheric impacts and hyperspectral nature.  NEON 

AOP Hyperspectral data convolved spatially and spectrally to generate MODIS, VIIRS, and 

TM/OLI like data and then correlated as mean of validation. 

The data analysis methodology consisted of four main steps: 

6.2.1 Spectral Convolution  

Using the VIP NEON Data Explorer all AOP hyperspectral data was resampled spectrally to 

the sensors considered in this research (MODIS, VIIRS and Landsat OLI).  This process 

requires the design of a spectral convolution method that uses the band passes of each sensor. 

All the sensors have specific pattern of spectral radiance at the different band wavelengths and 

these are discrete (figure 6). NEON AOP is a hyperspectral imager with a continuous spectral 

signature across the entire spectrum. We performed spectral convolution using NEON AOP 

data to simulate each sensor based on the relative spectral response (RSR) of each specific 

sensor. This process generates simulated sensor (MODIS/VIIRS/TM/OLI) like spectral images 

that mimic the sensor overpass over the same site as if flown at 1km and at 1m resolution.  This 

effectively removes the atmosphere, the source of most issues and noise in the data and provide 

a quasi-ground truth data to validate against and compare to. To compute the band spectral 

radiance of each instrument the convolution process follows equation (4) (Uprety et al., 2013)  

𝐿𝑏 =  
∫ 𝐿ℎ𝑅𝑆𝑅 𝑑𝑤

𝑤2

𝑤1

∫ 𝑅𝑆𝑅 𝑑𝑤
𝑤2

𝑤1

… … … … … … … … … … … … … … … (4) 

where,  

Lb = simulated spectral radiance of any sensor for a given band 

Lh = NEON observed spectral radiance at the overlapping band 

RSR = relative spectral response of the sensor (VIIRS/MODIS/Landsat)  

w1, w2 = wavelength range for the spectral band considered.  

This process results in a MODIS, VIIRS, and Landsat TM/OLI like multispectral data records 

at still the NEON native spatial resolutions, from the same flight height, and with the same 

proximal characteristics. 
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NEON AOP hyperspectral sensor has a continuous 426 spectral bands ranging from 380 to 

2510 nm. Table 5 lists the hyperspectral native NEON AOP bands used for simulating Landsat 

OLI bands. 

Table 5: List of NEON AOP Hyperspectral bands needed to create OLI 

Landsat 

bands 

Landsat band range 

(nm) 

NEON bands used for spectral convolution (nm) 

Blue 450-510 436.36, 441.37, 446.37, 451.38, 456.39, 461.41, 

466.41, 471.42, 476.43, 481.44, 486.44, 491.45, 

496.46, 501.47, 511.48, 516.49, 521.50, 526.51 

Red 640-670 621.66, 626.67, 631.68, 636.69, 646.70, 651.71, 

656.72, 661.73, 666.74, 671.44, 676.75, 681.76 

Green 850-880 511.48, 516.49, 521.50, 526.51, 531.52, 536.53, 

541.53, 546.54, 551.55, 556.56, 561.57, 566.57, 

571.58, 476.59, 581.59, 586.61, 591.61, 596.62 

 

6.2.2 Spatial Convolution 

NEON AOP data is collected at 1 m spatial resolution, a spatial convolution process is also 

needed to generate the proper sensor spatial data record that can then be used to characterize 

the actual space-borne sensor data. 2D convolution method can be used for convolving both 

horizontal and vertical directions in 2 dimensional images.  

The spatial convolution algorithm aggregates pixels into one-pixel value. The algorithm 

essentially starts with the central pixel by then a weighted average is calculated by including 

all its neighbor pixel values that fall within the spatial convolution matrix known as the kernel. 

The Spatial convolution formula is: 

𝑉 =  
1

𝑁
 ∑ ∑ 𝑓𝑖𝑗

𝑚
𝑗=1

𝑛
𝑖=1 … … … … … … … … … … … … … . (5)  

where,  

fij = the pixel value at i, j position 

n, m = the number of row and column (respectively) of image size that need to be convoluted  

N = the total number of pixels 

V = the output pixel value 

The spatial convolution was implemented using the VIP NEON Data Explorer online tool. 

Figure 11 shows a NEON AOP image for Santa Rita Experimental Range (SRER) site after 

spatial convolution to Landsat, MODIS and VIIRS. NEON AOP image pixels are aggregated 

into one pixel of 30m, 250m and 500m for Landsat, MODIS and VIIRS respectively. The 

impact of the spatial resolution is visible with the level of details in the images. 
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(a) (b) (c) 

Figure 10: Simulated (a) Landsat OLI, (b) MODIS, (c) VIIRS images after spectral and 

spatial convolution. The simulated images from NEON AOP show the impact of the sensor 

spectral and spatial resolution on the resulting images. 

The resulting multispectral data records provide an indirect opportunity for a full 

characterization of the sensors against the ground truth data, effectively providing a direct 

comparisons and assessment of their error and uncertainty. 

The full methodology starting from data collection, data processing to statistical analysis is 

shown in a schematic diagram (figure 11) to achieve specific goals of this research work.  

 

 

Figure 11: Full methodology framework. All necessary satellite and NEON AOP images 

are downloaded and resampled according to each NEON site. Only the best quality image 

data were retained for the statistical analysis. 
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6.2.3 Statistical analysis  

The determination of Uncertainty, Precision, and Accuracy (UPA) associated with any data 

record will help characterize the difference and consistency across the different sensors’ 

dataset. In statistics, error describes the difference between a value obtained from data 

collection process and the true value for the population. For the VI data record atmosphere 

issues (e.g. water vapor, ozone, aerosols, viewing geometry) is one of the causes for error, 

which can be estimated from atmospherically corrected data record over different validation 

sites (e.g. AERONET). Deviation due to natural changes (e.g. wildfire, hurricane etc.) may 

cause error in the dataset. This amount of error can be computed using standard deviation 

method and various statistical analyses. From statistical perspective, standard deviation is a 

quantity indicating the amount of fluctuation or dispersion of a set of data values. It represents 

how measurements are spread out from the average in a dataset. For long term VI data record, 

standard deviation of VI values for each pixel can help quantify the error on the time series. 

The changes in a VI time series results from real ecological change and noise.  In addition, 

statistical analysis permits the assessment of the correlation across the sensors at the VI and 

surface reflectance levels. A systematic statistical analysis of the simulated sensor data against 

the ground truth derived from NEON and drone data whenever available can be used to 

estimate the error and uncertainty.  

a. Uncertainty, Precision, Accuracy Analysis 

Uncertainty is a parameter which defines the range of values within which the measured value 

can be said to lie within a specified level of confidence. It indicates the quality of the result by 

implying how good the result represents the true value of the quantity to be measured. In this 

work we will calculate uncertainty range to understand how well the measured value is related 

with the ground truth (NEON AOP VI data). To estimate uncertainty of a dataset, average and 

standard deviation need to be calculated. Uncertainty is expressed as the range between average 

(𝜇) ± standard deviation (σ) 

Average (𝜇)  =  
1

𝑛
 ∑ 𝑥𝑖 … … … … … … … … … … … … (6)

𝑛

𝑖=1

 

SD (σ)  = √
∑ |𝒙𝒊− 𝝁|𝟐

𝒏−𝟏
 … … … … … … … … … … … … … . . (7)  

The range of uncertainty is estimated using equation (8) 
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 Uncertainty range =  𝜇 ± 𝜎 … … … … … … … … … … . . (8) 

In the above equations,  

n = total number of sample data 

𝒙𝒊 = each sample value (where i = 1,2,….n) 

𝝁 = average of sample (which is a single number taken as representative of a list of values) 

𝜎 = standard deviation 

Theoretically, precision is the estimation to determine different samples, how close they are to 

each other. When the error in the sample is small, the estimation is more precise that means the 

samples are similar and are very close in value. Sometime precision does not represent the 

correct or true value.  

Accuracy is the adjacency of measurement results to the true value. Accuracy is expressed as 

the difference between the mean and a true measurement.  

The two terms precision and accuracy are independent of each other. A set of data points can 

be said to be precise if the values are close to each other, whereas if the average is close to true 

value it can be said to be accurate. So, a data set can be said either precise or accurate or both 

or neither (figure 12).  

 

Figure 12: Graphical representation of uncertainty, precision and accuracy. A set of data 

points can be said to be precise if the values are close to each other, whereas if the average 

is close to true value it can be said to be accurate. So, a data set can be said either precise or 

accurate or both or neither.   

Here I compute precision which represents a measure of how the VIs related to each other, and 

accuracy, which represents the difference between the ground truth and a given sensor estimate 
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Precision is computed as (standard deviation/mean) *100, which counts the repeatability of the 

estimates using equation (9) 

Precision =  
√∑ |𝒙𝒊− 𝝁|𝟐

𝒏−𝟏
𝟏

𝒏
 ∑ 𝒙𝒊

𝒏
𝒊=𝟏

 × 100 … … … … … … … … … … … . . (9)  

The following equation (10) is used to determine the accuracy estimates: 

Accuracy =  𝜇 − 𝑦𝑖 … … … … … … … … … … … … … . (10) 

Here, 𝝁 is the average value and yi is the NDVI/EVI2 value derived from NEON AOP.  

b. Correlation Analysis 

We performed regression analysis to understand and explore the forms of relationships among 

VI records derived from the different satellite sensors and NEON. We used the linear regression 

model with a zero intercept for building up linkage across all sensors’ VI records. We generated 

best fitted curve based on the value of coefficient of determination (R2), p-value for the 

regression coefficient (slope) of each equation obtained from ANOVA analysis. ANOVA 

analysis allows to understand whether the outcomes are significant or not. It helps to see 

differences between two group of sample data. It provides understanding of the mean value 

differences among these data records. ANOVA helps to analyze the interaction level between 

independent and dependent variables. In our work we assessed the relation between true sensor 

data and simulated NEON data according to each sensor, where we considered simulated 

NEON VI data as independent variable. The computed p value for each regression model 

indicated the significance level of the correlation.  

Linear regression informs about the dependency between the two data records (observed and 

simulated considered ground truth here), which requires assumption of dependency vs. 

independent that may not exist with these data. For these reasons, we have also performed the 

Concordance correlation analysis. Theoretically, the Concordance correlation analysis helps to 

evaluate the agreement between two variables and characterize reproducibility between them. 

It helps to quantify the degree to what extent pair of variables lines up with the 45-degree line 

passing through the origin (www.statisticshowto.datasciencecentral.com). The degree of 

concordance (agreement) between two measurements is estimated by the expected value of 

their squared difference. 

𝐸[(𝑌 − 𝑋)2] =  (𝜇𝑌 −  𝜇𝑋)2 +  𝜎𝑌
2 +  𝜎𝑋

2 − 2𝜌𝜎𝑌𝜎𝑋 … … … … … … … … (11)   
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If every pair from the bivariate population is in exact agreement, the above expectation would 

be zero.  Concordance correlation coefficient (𝜌𝑐) is calculated using equation (12): 

𝜌𝑐 = 1 −
𝐸[(𝑌 − 𝑋)2]

𝐸[(𝑌 − 𝑋)2|𝜌 = 0]
                                                     

= 1 −
(𝜇𝑌 − 𝜇𝑋)2 + 𝜎𝑌

2 + 𝜎𝑋
2 − 2𝜌𝜎𝑌𝜎𝑋

(𝜇𝑌 − 𝜇𝑋)2 + 𝜎𝑌
2 + 𝜎𝑋

2                            

      =
2𝜌𝜎𝑌𝜎𝑋

(𝜇𝑌 − 𝜇𝑋)2 + 𝜎𝑌
2 + 𝜎𝑋

2   … … … … … … … … … … (12) 

where,   𝜇𝑋 =
1

𝑛
∑ 𝑋𝑘

𝑛
𝑘=1 … … … … … … … … … … … … … … … (13) 

 𝜇𝑌 =
1

𝑛
∑ 𝑌𝑘

𝑛

𝑘=1

… … … … … … … … … … … … … … … (14) 

𝜎𝑋
2 =

1

𝑛
∑(𝑋𝑘 −  𝜇𝑋)2

𝑛

𝑘=1

… … … … … … … … … … … … (15) 

𝜎𝑌
2 =

1

𝑛
∑(𝑌𝑘 − 𝜇𝑌)2 … … … … … … … … … … … … (16)

𝑛

𝑘=1

 

𝜎𝑌𝜎𝑋 =
1

𝑛
∑(𝑋𝑘 −  𝜇𝑋)

𝑛

𝑘=1

(𝑌𝑘 −  𝜇𝑌) … … … … … … … … … (17) 

Here, 𝑋𝑘 , 𝑌𝑘 = n observations of X and Y variable, respectively 

𝜇𝑌, 𝜇𝑋 = mean value of Y and X population, respectively 

𝜎𝑌
2 , 𝜎𝑋

2 = variances of Y and X, respectively 

𝜌 =  𝑃earson correlation coefficient 

𝜌𝑐 = Concordance correlation coefficient 

Using equation 11 to 17, we computed Concordance correlation coefficients for each pair to 

interpret how the two independent datasets derived from the satellite sensor and simulated from 

NEON AOP relate to each other. This correlation analysis helps verify and confirm the earlier 

relationships derived from the linear regression analysis and addressed the independence issue. 

The key difference between the two analyses is how the coefficient of determination value is 

derived. For the Concordance coefficient, a new term of difference between mean values of 

two variables is used to compute the coefficient value. For the linear regression, the summation 

of two mean values is used to calculate the coefficient of determination of the line passing 

through the origin.  
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7. RESULTS AND DISCUSSIONS 

All data acquired from satellite sensors and NEON AOP were preprocessed. The spectral and 

spatial convolution were carried using NEON AOP data for each sensor based on the relative 

spectral response (RSR) using equation (4) and (5). This process generates sensor like spectral 

images that mimic the sensor (MODIS, VIIRS, and Landsat) overpass over the same site as if 

flown at 1km.  This effectively removes the atmosphere, the source of most issues and noise in 

the data. This process generates a simulated ground truth like data record for each sensor. All 

these steps were done using the VIP lab online tool. All images were registered in same grid 

before data extraction. NDVI and EVI2 data, red and NIR band surface reflectance data were 

extracted using free software HDFView 3.0. The valid range of values are from -1 to +1. We 

removed all negative values and considered values between 0 to 1 range. NEON AOP flights 

follow a specific path during data collection. This fashion of data collection generates a shape 

for each site rather than a perfect rectangular or square shape. ON the other hand, we resampled 

satellite sensor images using coordinates, which resulted in a rectangular image. For that 

reason, VI/SR values were extracted in excel sheet according to NEON specific site pattern. 

Other datapoints were removed by image masking procedure, as we wanted to develop 

relationship by comparing pixel to pixel from two scenes. Finally, statistical analysis was 

performed using the method described in section 6.2.3 and using the equations mentioned there. 

7.1 Comparison with Concurrent NEON Simulated Sensors Data 

To derive correlation between NEON and sensors, scatter plots were generated for each site 

separately. NEON AOP simulated data were plotted on the x-axis as the independent variable 

while sensor data were on the y-axis as the dependent variable. For each sensor, a total of 32 

correlations were derived for the NDVI, EVI2, red and NIR band (over the 8 sites). The 

regression statistics (i.e. slope, R2 value, standard error and 95% confidence interval) are 

calculated for each individual plot and summarized in Table 6, 7, 8 and 9.  

All the regressions show highly significant correlations (R2 ~ 95% and p < 0.01). In the scatter 

plots, we forced the trendlines to pass through the origin by setting intercept as zero, as we 

expect all sensors to register and fall on zero. 

In figure 13 MODIS NDVI values are plotted against NEON simulated NDVI value for the 

eight sites. For dense forest areas of the northeast and southeast domain (Figure 13b, 13d, 13e), 

all data points are clustered in one region of the plot, since NDVI tends to be quite high over 

these land covers. For the semi-arid areas, like southwestern desert (Figure 13a), there was a 
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mix of bare soil and green vegetation pixels which resulted in a fairly distributed plot of NDVI 

with values in the range 0.3-0.8. For the northern plains site Woodworth of North Dakota 

(figure 13h), the discontinuity resulted from a well-defined land cover change. 

 

 

Figure 13: Correlation analysis of MODIS and NEON simulated MODIS NDVI data. 

Densely vegetated regions showed noise in their datasets resulting from residual cloud and 

atmosphere, whereas sparsely vegetated area like Santa Rita Experimental Range showed 

clean, compact, uniform relationship with NEON AOP data. The density of the points is 

highest around the regression line, which explains the high R2 even though there are lots of 

outlier points. 

(c) (d) 

(e) (f) 

(g) (h) 

(a) (b) 

0.97 

0.95 
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Appendix-A shows Figures 21 (VIIRS vs. NEON) and 22 (Landsat vs NEON) that are quite 

similar to figure 13. With MODIS and Landsat results being much more similar and consistent 

than VIIRS. The differences can be attributed to spatial and spectral resolution and the poorer 

VIIRS signal to noise ratio. Also, the VIIRS red band wavelength range is way larger than 

other sensors, which may cause these differences.  

When combining all sites (varying levels of canopy cover)) into a single cross-plot (figure 14) 

to derive a global relationship between the sensors’ NDVI records, the R2 was very high (R2 

=0.98) and the continuity slope was 1.07. This indicates the strong correlation across the 

sensors. 

NDVI global correlation for MODIS/VIIRS/Landsat8 NDVI data and NEON simulated 

NDVI data 

 

(a) MODIS 

  

(b) VIIRS (c) Landsat 8 

Figure 14: Global trendlines for NEON simulated NDVI and MODIS/VIIRS/Landsat NDVI. 

To generate global plots, we mostly used semiarid region SRER data, dense forest GRSM 

data and northern plain region WOOD data. The plots illustrate the strength and inherit 

continuity of the VI records.  
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The complete regression analysis statistics for MODIS and NEON NDVI data are shown in 

table 6.  

Table 6: Regression statistics for satellite sensor vs NEON simulated NDVI data. Values 

marked red in table 5 are in cases with the results significantly different from 1:1, which 

indicates larger errors and difference when compared to ground truth derived from NEON 

simulated data. 

Normalized Difference Vegetation Index (NDVI) 

  SRER JORN BART HARV ABBY WOOD JERC GRSM 

L
A

N
D

S
A

T
 R2 0.982 0.973 0.998 0.989 0.998 0.983 0.998 0.999 

Slope 1.249 1.072 1.000 0.995 1.000 1.282 1.017 1.058 

Std. Error 0.003 0.003 0.001 0.001 0.001 0.002 0.001 0.001 

Upper 95% 1.058 1.077 1.002 0.998 1.002 1.285 1.018 1.060 

Lower 95% 1.045 1.067 0.999 0.993 0.999 1.279 1.016 1.056 

M
O

D
IS

 R2 0.982 0.975 0.998 0.989 0.983 0.980 0.998 0.998 

Slope 1.249 1.088 1.000 0.995 1.282 1.209 1.016 1.017 

Std. Error 0.002 0.002 0.001 0.001 0.002 0.002 0.003 0.001 

Upper 95% 1.252 1.092 1.002 0.998 1.285 1.213 1.019 1.018 

Lower 95% 1.245 1.083 0.999 0.993 1.279 1.205 1.013 1.016 

V
II

R
S

 

R2 0.991 0.980 0.999 0.991 0.999 0.985 0.973 0.999 

Slope 1.075 1.353 1.052 1.042 1.052 1.053 0.900 1.058 

Std. Error 0.002 0.005 0.001 0.002 0.010 0.004 0.004 0.001 

Upper 95% 1.080 1.374 1.054 1.046 1.054 1.060 0.908 1.060 

Lower 95% 1.070 1.353 1.050 1.037 1.050 1.046 0.892 1.056 

For most sites the slope values were mostly around 1:1. These findings are consistent with VI 

behavior and inherit noise reduction. Values marked red in table 5 are in cases with the results 

significantly different from 1:1, which indicates larger errors and difference when compared to 

ground truth derived from NEON simulated data.  

Figure 15 summarizes the scatter plot of EVI2 for NEON simulated data and MODIS and is 

quite similar to figure 8. Unlike NDVI, EVI2 works better in high biomass regions which can 

be seen in the scatter plots, supporting once again the value of EVI/EVI2 over dense canopies 

where NDVI tends to saturate (Huete et al, 2002, 2008).  

Figure 15a, 15c, 15d, 15e, 15b, and 15e from semi-arid biomes (Santa Rita experimental range 

and Jornada experimental area of southwest respectively), densely vegetated biomes (Smoky 

Mountains area)), and mixed biomes like north-eastern region Harvard forest and Bartlett 

experimental area. capture a wide dynamic range and again a strong 1:1 linear correlation with 

a R2 value of 0.97-1.0.  The weakest correlations were observed in the semi-arid Jornada site, 

once again illustrating the impact of heterogeneity. 
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Figure 15: Correlation analysis of MODIS and NEON simulated MODIS EVI2 data. EVI2 

value is lower than NDVI value for each site which occurred because of the equation. Most 

of the regression line don’t pass through the origin which might be happened due to biasness. 

  

(a) (b) 

(c) (d) 

(e) (f) 

(g) (h) 

0.97 
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Global plots of EVI2 from key sites covering the full VI dynamic range show a strong and 

consistent correlation between the space-borne data and the simulated ground truth data (figure 

16). MODIS and VIIRS show a very high and consistent correlation at almost 1:1, while. 

Landsat had a slightly lower correlation (R2 = 0.78) resulting from lack of strictly concurrent 

data and residual noise. Since we used only cloud and noise free data, we had to sacrifice the 

exact location (path/row number) during downloading Landsat 8 images. Also, we could not 

use nearly concurrent Landsat data for few sites. These causes might play a role behind those 

lower correlation.  

EVI2 global correlation for MODIS/VIIRS/Landsat EVI2 data and NEON simulated EVI2 

data 

 

(a) MODIS 

  

(b) VIIRS (c) Landsat 8 

Figure 16: Global trendlines for NEON simulated EVI2 and MODIS/VIIRS/Landsat EVI2. 

To generate global plot, we mostly used semiarid region SRER data, dense forest GRSM 

data and northern plain region WOOD data. The plots illustrate the strength and inherit 

continuity of the VI records. 
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Nevertheless, all results indicate a highly accurate and precise data records across all sensors 

with high sensitivity to noise or other factors not well controlled (due to the nature of NEON 

AOP data).  

Regression statistics for MODIS and NEON EVI2 are summarized in table 7.  

Table 7: Regression statistics for satellite sensor vs NEON simulated NDVI data. For EVI2, 

mostly all the relationship is found to be linear 1:1. There are very less biasness in the 

individual scatter plots. 

Enhanced Vegetation Index 2 (EVI2) 

  SRER JORN BART HARV ABBY WOOD JERC GRSM 

L
A

N
D

S
A

T
 R2 0.984 0.972 0.973 0.959 0.981 0.978 0.973 0.973 

Slope 1.120 0.888 1.041 1.017 1.020 1.144 1.041 0.901 

Std. Error 0.003 0.002 0.003 0.003 0.001 0.002 0.003 0.004 

Upper 95% 1.126 0.892 1.047 1.022 1.023 1.148 1.047 0.909 

Lower 95% 1.113 0.884 1.034 1.012 1.018 1.139 1.034 0.893 

M
O

D
IS

 

R2 0.967 0.978 0.972 0.971 0.971 0.975 0.998 0.991 

Slope 1.074 1.144 1.041 0.931 1.011 1.088 1.000 1.000 

Std. Error 0.002 0.002 0.003 1.011 0.002 0.002 0.001 0.001 

Upper 95% 1.078 1.148 1.047 1.015 1.015 1.092 1.002 1.003 

Lower 95% 1.070 1.139 1.034 1.007 1.007 1.083 0.999 0.998 

V
II

R
S

 

R2 0.986 0.983 0.977 0.978 0.973 0.916 0.999 0.973 

Slope 1.175 1.261 0.920 0.931 0.900 0.767 1.058 0.900 

Std. Error 0.003 0.005 0.005 0.003 0.004 0.006 0.001 0.004 

Upper 95% 1.181 1.270 0.930 0.938 0.908 0.780 1.060 0.908 

Lower 95% 1.169 1.252 0.910 0.925 0.892 0.755 1.056 0.892 

The red and NIR surface reflectance analyses for all sensors are shown in figures 16 and 17, 

and regression results are shown in tables 8 and 9 respectively. Figure 17a shows a weaker red 

band correlation between MODIS and NEON owing to a noisy red band cluster of low values 

resulting from the dense canopy. Individual scatter plots also show lower correlation for red 

band (red marked value in table 8). This lower correlation is a result of signal to noise ratio and 

the small red values in these sites. The correlations between NEON and other sensors for the 

NIR band were higher due to the larger NIR values making them less impacted by noise. These 

results show once again the ratio-ing capabilities of the VI algorithms and their capabilities of 

mitigating noise in the surface reflectance data.  
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 Global correlation analysis for MODIS/VIIRS/Landsat and NEON simulated data for red 

band surface reflectance 

 

(a) MODIS 

  

(b) VIIRS (c) Landsat  

Figure 17: Global trendlines for NEON simulated surface reflectance data for red band and 

MODIS/VIIRS/Landsat red band. To generate global plot, we mostly used semiarid region 

SRER data, dense forest GRSM data. The plots illustrate the strength and inherit continuity 

of the red band surface reflectance records. The lower correlation of MODIS and Landsat 

red band is a result of signal to noise ratio and the small red values in these sites. 
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Table 8: Regression statistics for satellite sensor vs NEON simulated red band surface 

reflectance data. Values marked red in table 8 are cases where the results significantly differed 

from 1:1, which indicates larger errors when compared to ground truth derived from NEON 

simulated data. 

Red Band 

  SRER JORN BART HARV ABBY WOOD JERC GRSM 

L
A

N
D

S
A

T
 R2 0.946 0.972 0.918 0.855 0.998 0.948 0.998 0.901 

Slope 0.668 0.853 0.995 0.975 1.000 1.184 1.017 0.478 

Std. Error 0.002 0.002 0.005 0.005 0.001 0.003 0.000 0.004 

Upper 95% 0.671 0.857 1.005 0.985 1.001 1.189 1.018 0.486 

Lower 95% 0.664 0.849 0.985 0.966 0.999 1.179 1.016 0.469 

M
O

D
IS

 R2 0.973 0.984 0.918 0.885 0.932 0.973 0.854 0.932 

Slope 0.637 1.022 0.005 0.975 0.795 0.637 0.974 0.795 

Std. Error 0.001 0.002 0.005 0.005 0.003 0.001 0.005 0.003 

Upper 95% 0.639 1.026 1.006 0.985 0.800 0.639 0.983 0.800 

Lower 95% 0.635 1.019 0.985 0.966 0.789 0.635 0.965 0.789 

V
II

R
S

 

R2 0.988 0.983 0.928 0.936 0.936 0.988 0.901 0.901 

Slope 1.049 0.719 0.555 0.623 0.623 1.049 0.477 0.477 

Std. Error 0.003 0.003 0.006 0.004 0.004 0.003 0.004 0.004 

Upper 95% 1.055 0.724 0.566 0.630 0.630 1.055 0.486 0.486 

Lower 95% 1.044 0.713 0.544 0.615 0.615 1.044 0.469 0.469 
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Global correlation analysis for MODIS/VIIRS/Landsat and NEON simulated data for NIR 

band surface reflectance 

 

(a) MODIS 

  

(b) VIIRS (c) Landsat  

Figure 18: Global trendlines for NEON simulated NIR band surface reflectance and 

MODIS/VIIRS/Landsat NIR band SR. The plots illustrate the strength and inherit continuity 

of the NIR band surface reflectance records. 
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Table 9: Regression statistics for satellite sensor vs NEON simulated NIR band surface 

reflectance data. For NIR band surface reflectance, mostly all the relationship is found to be 

linear 1:1. There are very less biasness in the individual scatter plots. In densely vegetated 

areas signal in NIR band found to be noisy because of cloud which exhibits in the individual 

scatter plots 

Near Infrared (NIR) Band 

  SRER JORN BART HARV ABBY WOOD JERC GRSM 

L
A

N
D

S
A

T
 R2 0.981 0.975 0.957 0.966 0.982 0.994 0.974 0.949 

Slope 0.857 0.958 1.043 1.024 1.003 1.094 1.035 0.814 

Std. Error 0.001 0.002 0.004 0.002 0.001 0.001 0.002 0.005 

Upper 95% 0.860 0.962 1.051 1.028 1.005 1.096 1.039 0.824 

Lower 95% 0.854 0.953 1.035 1.020 1.000 1.091 1.032 0.804 

M
O

D
IS

 R2 0.981 0.994 1.024 0.966 0.985 0.994 0.963 0.985 

Slope 0.835 1.094 0.002 0.864 0.972 1.094 1.023 0.972 

Std. Error 0.001 0.001 0.004 0.003 0.002 0.001 0.002 0.002 

Upper 95% 0.837 1.096 1.028 0.870 0.976 1.096 1.028 0.976 

Lower 95% 0.832 1.091 1.020 0.857 0.969 1.091 1.019 0.969 

V
II

R
S

 

R2 0.992 0.994 0.961 0.976 0.976 0.992 0.949 0.949 

Slope 1.141 0.897 0.834 0.864 0.864 1.141 0.813 0.813 

Std. Error 0.002 0.002 0.006 0.003 0.003 0.002 0.005 0.005 

Upper 95% 1.146 0.901 0.846 0.870 0.870 1.146 0.823 0.823 

Lower 95% 1.137 0.894 0.822 0.857 0.857 1.137 0.803 0.803 
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7.2 Concordance Correlation analysis 

Since we want to evaluate the agreement between pairs of pixels from the two images generated 

from two different platform, we performed the Concordance correlation analysis. The analysis 

helped characterize the compatibility of the two measurement by generating best fit line passing 

through the origin. The more points on the best fit line, the higher the correlation coefficient. 

We adopted these guidelines for interpreting Lin’s concordance correlation coefficient (�̂�𝑐):   

• �̂�𝑐 < 0.90: poor 

• 0.90 < �̂�𝑐 < 0.95: moderate 

• 0.95 < �̂�𝑐 < 0.99: substantial 

• �̂�𝑐 > 0.99: almost perfect.  

We computed the coefficient and a 95% confidence interval using equations 11 to 17, described 

in methodology section (6.2.3). All the regressions show significant correlations ( �̂�𝑐
 ~ 90%). 

In the plots, the concordance line pass through the origin by setting the intercept to zero, since 

we expect all sensors to agree at zero. 

Figure 19 shows the Concordance analysis of MODIS/VIIRS/Landsat NDVI values vs. NEON 

simulated NDVI for one site. Other sites are included in appendix B. From all the concordance 

plots, in dense forest areas of the northeast and southeast domain (Figure 31c,d,e) data points 

are clustered in one region of the plot, since NDVI tends to be quite high over these land covers. 

For the semi-arid areas (Figure 31a), there was a mix of bare soil and green vegetation pixels 

which resulted in a fairly distributed plot of NDVI with values in the range 0.3-0.8. For the 

northern plains site, Woodworth of North Dakota (figure 31h), a discontinuity resulted from a 

well-defined land cover change. These plots show similarity to the regression line even though 

the coefficient and confidence interval were slightly different. Since for most sites the 

concordance lines and regression line aligned closely, we conclude that the data records are 

highly similar. 
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Concordance line 95% Confidence interval line 

  

(a) MODIS 

  

(b) VIIRS 

  

(c) Landsat 

Figure 19: Concordance and 95% confidence interval plots for Harvard forest site: (a) 

MODIS, (b) VIIRS and (c) Landsat 8. The perfect concordance line (dotted line) mostly 

aligns with regression line (solid line). And most of the data points fall within three sigma 

limits, which indicates strong correlation. 

 

Similarly, EVI2 plots for all sites showed a strong and consistent concordance correlation 

between satellite data and simulated. MODIS and VIIRS show a very high and consistent 
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correlation at almost 1:1, while. Landsat had a slightly lower correlation resulting from lack of 

strictly concurrent data and residual noise.  

Concordance line 95% Confidence interval line 

  

(a) MODIS 

  

(b) VIIRS 

  

(c) Landsat 

Figure 20: Concordance and 95% confidence interval plots for Santa Rita Experimental 

Range site: (a) MODIS, (b) VIIRS and (c) Landsat 8. The perfect concordance line (dotted 

line) mostly aligns with regression line (solid line). And most of the data points fall within 

three sigma limits, which indicate high degree of agreement. 
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Similarly, concordance plot for red and NIR band surface reflectance data were generated. The 

red and NIR surface reflectance analyses for all sensors are shown in figures 37-42 in the 

appendix B. Figure 38a shows a weaker red band correlation between MODIS and NEON 

owing to a noisy red band cluster of low values resulting from the dense canopy. Individual 

concordance plots also show lower correlation (less than 0.9) for red band. This lower 

correlation is a result of signal to noise ratio and the small red values in these sites. The 

correlations between NEON and other sensors for the NIR band were higher due to the larger 

NIR values making them less impacted by noise. These results show the ratio-ing capabilities 

of the VI algorithms and their capabilities of mitigating noise in the surface reflectance data. 
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7.3 Error, Uncertainty, Precision and Accuracy Analysis 

The Accuracy of change derived from satellite generated VI time series data greatly depends 

on the inherit error analysis as discussed earlier. Estimating these errors is vital to scientific 

research on ecosystem.  

The VI error budget and UPA are derived using the methods described in section 6.2.3(a). 

Using equation 8, 9,10 the UPA values were calculated for each sensors and biomes (tables 10 

and 11). The two tables show how the VI values compare with the assumed ground truth 

(NEON simulated data).  

Precision was calculated using equation 8 and 9 to observe how far each observation deviates 

from the best-fit line. It is expressed in percentage value which means the higher percentage 

values, the higher precision of that data set. For most of the site precision (data repeatability 

and limited noise) was high except for the northwestern site Abby Road site of Washington 

and northern plains site Woodworth of North Dakota. This is because green parts of those study 

sites are dispersed in different directions. 

To understand how far the best-fit line deviates from the 45° line through the origin, we 

estimated accuracy (closeness to true value assumed to derive from NEON). For each pair of 

datasets, mean value of sensor derived VI and NEON simulated VI value were computed. And 

the difference between these two means is the measurement of accuracy. Accuracy found to be 

very high as well, indicating that the VI records, when properly filtered for poor quality do 

capture and proxy valuable observation about the ecosystems. The lower value of accuracy 

measurement means the data points are very close to mean value (true measurement). For most 

sites, sensors’ true VI values are found to be very close to NEON simulated value. This 

stipulates that the VI contemporaneous VI record can deliver exact nearly exact information if 

atmospheric correction is done rigorously.  

The error between the sensors’ data and NEON simulated data were very low. The uncertainty 

range gives an insight of data point distribution. The resulting uncertainty range (mentioned in 

table 10 and 11) shows that data points are mostly occurred to be together. For heterogeneous 

vegetated land, for example Santa Rita experimental range mean value was calculated only for 

the specific green portion to get higher mean value (since the NDVI value is higher in the part 

saturated with green vegetation). Unlikely, for homogeneous vegetated land like Harvard 

forest, Great Smoky Mountains etc. mean value was calculated from the full VI dataset.  
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For the semi-arid biomes (Santa Rita Experimental site), error, precision, and accuracy were 

all high. In contrast the southwestern site Jornada that showed lower performance and higher 

error budget, likely due to the more complex and heterogeneous landscape.  

Table 10: NDVI Error budget and UPA for all sensors. Precision is expressed in percentage 

and error; uncertainty and accuracy are expressed as numerical value. 

Normalized Difference Vegetation Index (NDVI) 

  SRER JORN BART HARV ABBY WOOD JERC GRSM 

L
A

N
D

S
A

T
 Error 0.020 0.050 0.030 0.020 0.062 0.094 0.061 0.050 

Uncertainty 

Range 

0.668 

±0.002 

0.295 

±0.001 

0.766 

±0.005 

0.704 

±0.005 

0.513 

±0.001 

0.457 

±0.003 

0.504 

±0.001 

0.769 

±0.004 

Precision 40% 50% 39% 30% 27% 19% 35% 40% 

Accuracy 0.090 0.082 0.143 0.085 0.077 0.113 0.087 0.072 

M
O

D
IS

 

Error 0.024 0.048 0.040 0.020 0.068 0.112 0.059 0.065 

Uncertainty 

Range 

0.568 

±0.001 

0.238 

±0.002 

0.769 

±0.005 

0.801 

±0.005 

0.506 

±0.003 

0.412 

±0.001 

0.518 

±0.005 

0.801 

±0.003 

Precision 37% 42% 36% 26% 24% 19% 35% 40% 

Accuracy 0.087 0.072 0.103 0.087 0.072 0.103 0.087 0.072 

V
II

R
S

 

Error 0.037 0.050 0.055 0.036 0.097 0.155 0.061 0.084 

Uncertainty 

Range 

0.518 

±0.003 

0.225 

±0.003 

0.716 

±0.006 

0.704 

±0.004 

0.423 

±0.004 

0.397 

±0.003 

0.454 

±0.004 

0.699 

±0.004 

Precision 36% 40% 38% 20% 25% 20% 33% 41% 

Accuracy 0.089 0.092 0.097 0.089 0.112 0.193 0.099 0.092 
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Table 11: EVI2 Error budget and UPA for all sensors. Precision is expressed in percentage 

and error, uncertainty and accuracy are expressed as numerical value. 

Enhanced Vegetation Index 2 (EVI2) 

  SRER JORN BART HARV ABBY WOOD JERC GRSM 

L
A

N
D

S
A

T
 Error 0.030 0.050 0.030 0.030 0.053 0.096 0.051 0.050 

Uncertainty 

Range 

0.448 

±0.002 

0.294 

±0.002 

0.744 

±0.004 

0.704 

±0.004 

0.412 

±0.004 

0.447 

±0.002 

0.404 

±0.004 

0.749 

±0.004 

Precision 60% 50% 39% 30% 37% 19% 35% 60% 

Accuracy 0.090 0.083 0.163 0.085 0.077 0.113 0.087 0.073 

M
O

D
IS

 

Error 0.036 0.068 0.060 0.030 0.058 0.113 0.059 0.055 

Uncertainty 

Range 

0.378 

±0.002 

0.295 

±0.002 

0.777 

±0.001 

0.707 

±0.001 

0.513 

±0.002 

0.757 

±0.002 

0.507 

±0.003 

0.779 

±0.001 

Precision 37% 43% 35% 35% 36% 19% 35% 60% 

Accuracy 0.087 0.073 0.103 0.087 0.073 0.103 0.087 0.073 

V
II

R
S

 

Error 0.037 0.050 0.055 0.035 0.097 0.155 0.051 0.086 

Uncertainty 

Range 

0.668 

±0.003 

0.295 

±0.003 

0.766 

±0.006 

0.707 

±0.007 

0.513 

±0.007 

0.757 

±0.003 

0.507 

±0.007 

0.769 

±0.007 

Precision 35% 60% 38% 30% 35% 30% 33% 61% 

Accuracy 0.089 0.093 0.097 0.089 0.113 0.193 0.099 0.093 

 

Across all sensors the errors were larger over denser canopies and sparsely vegetated sites and 

ranged between 2-10%. Whereas, the uncertainty ranged between 0.1-0.3%. Generally, 

MODIS showed the best and more accurate data record, followed by TM, and finally VIIRS 

which showed slightly larger errors.  

7.4 Drone Data Analysis for Santa Rita Experimental Range (SRER) 

Drone data was collected from the Santa Rita site for one season (2017). Drone data was 

collected with a multispectral camera (parrot Sequoia). Similarly, to the simulated data 

analysis, we performed a statistical and correlation analysis of the drone-based data. Results 

(not reported due to their limited scope and noise) showed weaker correlations compared to 

other sensors. Drone based data remains limited in scope due to flight time required to cover a 

single MODIS/VIIRS/Landsat pixel. The Parrot Sequoia multispectral camera NIR band was 

very different from other space borne sensors making the correlation less robust. Other mini-

cameras may have worked better. For future effort drone can be presented as a low-cost 

platform for the validation and characterization of satellite based remote sensing data. 

Moreover, drone data and multispectral images can provide additional validation observations, 

considering NEON AOP flights over some sites are accompanied by local field work that 

includes drone flights. 
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In this work we presented a set of motives and methodologies for the consistent evaluation of 

multi-sensor, multi-spatial, and multi-temporal resolution Vegetation Index time series data. 

Despite the different spectral and spatial resolutions, the three sensors considered in this study 

were found to be nearly similar (when concurrent properly filtered and preprocessed data were 

considered) indicating that these data records are strongly accurate, valid, and can be translated 

across sensors.  This work also points to a key aspect of validating synoptic remote sensing 

data that does not depend on costly and time-consuming field observation, rather 

opportunistically exploring other venues and publicly available data sets like NEON is a viable 

and practical approach for the characterization of coarse and medium resolution multispectral 

sensors derived Vegetation indices. 
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8. CONCLUSIONS 

For over 40 years a variety of platforms and sensors (Terra and Aqua MODIS, S-NPP VIIRS, 

Landsat TM and OLI, AVHRR) collected synoptic imagery leading to a very long and 

invaluable VI time series data record. These data archives as they continue to expand are 

extremely useful and critical for understanding and assessing the Earth system, climate change, 

and resources management globally. Insuring the accuracy and precision of these data records 

and time series is very critical.  We proposed a framework that takes advantage 

opportunistically of high spectral and spatial resolution data collected by the NEON AOP 

hyperspectral sensors and we designed a validation and analysis approach for assessing and 

characterizing the coarse and medium resolution records.  And while NEON AOP 

hyperspectral data is only available once a year, during peak growing season, it does provide 

an unprecedented big and high-fidelity data set for supporting a solid validation protocols for 

the more operational sensors like MODIS, VIIRS and Landsat.  

In general, high correlations across all sensors (MODIS, VIIRS, Landsat), all VIs, and all 

surface reflectance were observed (R2=~95 and p~0) indicating high degree of agreement, and 

fidelity and requiring only data filtering. For some sites the red band, and consequently the VIs, 

showed weaker correlation which may have been the result of possibly signal-to-noise ratio, as 

the red band is mostly absorbed by chlorophyll making it more sensitive to noise in dense 

canopies. The error budgets were almost identical across all sensors and VIs, with Landsat and 

MODIS slightly outperforming VIIRS, possibly due to the signal to noise of the red/NIR bands, 

the still improving sensor calibration, atmospheric correction, and the coarser spatial resolution 

of VIIRS, which renders observations more heterogeneous compared to Landsat and MODIS.  

Although, MODIS and VIIRS surface reflectance correction are quite different from Landsat 

correction, still MODIS and Landsat were more tightly correlated than VIIRS pointing to the 

high performance of modern atmosphere correction algorithms and the smaller impact of 

residual atmosphere noise when data is properly and strictly filtered.  These strong inter-sensors 

correlations between pairs of sensors suggest that studying global vegetation distribution and 

change using multi-sensor data is very practical provided minimal continuity and translation is 

applied. Overall, the validation methodology proposed here worked very well in terms of 

making innovative and practical use of a high resolution, hyperspectral, and proximal sensor 

(NEON-AOP) data as a ground truth.  And while the results were derived from single and 

spatially limited sites, they can still be extrapolated regionally and globally for the same land 

cover types and climate regimes.  
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APPENDIX A 

Linear Regression Plots 

For each sensor, 32 correlations were derived for NDVI, EVI2, red and NIR band. Also, global 

relationships are plotted which are shown in the results and discussions section. Universal 

relationships were obtained across all sites and land cover types. All individual correlation 

between sensors and convolved NEON AOP VI/SR data are included in this section. 
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Figure 21: Correlation analysis of red band surface reflectance between MODIS and NEON 

simulated MODIS data for all sites. 
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Figure 22: Correlation analysis of NIR band surface reflectance between MODIS and NEON 

simulated MODIS data for all sites. 
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Figure 23: Correlation analysis of VIIRS and NEON simulated VIIRS NDVI data for all 

sites. 

 

  



68 
 

 

 

Figure 24: Correlation analysis of VIIRS and NEON simulated VIIRS EVI2 data for all sites. 
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Figure 25: Correlation analysis of red band surface reflectance between VIIRS and NEON 

simulated VIIRS data for all sites. 
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Figure 26: Correlation analysis of NIR band surface reflectance between VIIRS and NEON 

simulated VIIRS data for all sites. 
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Figure 27: Correlation analysis of Landsat and NEON simulated Landsat NDVI data for all 

sites. 
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Figure 28: Correlation analysis of Landsat and NEON simulated Landsat EVI2 data for all 

sites. 
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Figure 29: Correlation analysis of red band surface reflectance between Landsat and NEON 

simulated Landsat data for all sites. 
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Figure 30: Correlation analysis of NIR band surface reflectance between Landsat and NEON 

simulated Landsat data for all sites. 
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APPENDIX B 

Concordance Correlation Plot 

For each sensor, 32 concordance correlations were derived for NDVI, EVI2, red and NIR band. 

All site plots are shown in this section along with the confidence interval plot to characterize 

sample datasets.  
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Figure 31: Concordance and 95% confidence interval plots of eight site for NDVI data of 

MODIS and NEON simulated MODIS. 
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Figure 32: Concordance and 95% confidence interval plots of eight site for NDVI data of 

VIIRS and NEON simulated VIIRS. 
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Figure 33: Concordance and 95% confidence interval plots of eight site for NDVI data of 

Landsat and NEON simulated Landsat. 
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Figure 34: Concordance and 95% confidence interval plots of eight site for EVI2 data of 

MODIS and NEON simulated MODIS. 
 

 

  



80 
 

Concordance line 95% confidence 

interval Range 

Concordance line 95% confidence 

interval range 

    

(a) SRER (b) JORN 

    

(c) HARV (d)BART 

    

(e) WOOD (f) GRSM 

    

(g) JERC (h) ABBY 

Figure 35: Concordance and 95% confidence interval plots of eight site for EVI2 data of 

VIIRS and NEON simulated VIIRS. 
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Figure 36: Concordance and 95% confidence interval plots of eight site for EVI2 data of 

Landsat and NEON simulated Landsat. 
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Figure 37: Concordance and 95% confidence interval plots of eight site for red band surface 

reflectance data of MODIS and NEON simulated MODIS. 
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Figure 38: Concordance and 95% confidence interval plots of eight site for red band surface 

reflectance data of VIIRS and NEON simulated VIIRS. 
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Figure 39: Concordance and 95% confidence interval plots of eight site for red band surface 

reflectance data of Landsat and NEON simulated Landsat. 
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(e) WOOD (f) GRSM 

    

(g) JERC (h) ABBY 

Figure 40: Concordance and 95% confidence interval plots of eight site for NIR band surface 

reflectance data of MODIS and NEON simulated MODIS. 
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(a) SRER (b) JORN 

    

(c) HARV (d)BART 

    

(e) WOOD (f) GRSM 

    

(g) JERC (h) ABBY 

Figure 41: Concordance and 95% confidence interval plots of eight site for NIR band surface 

reflectance data of VIIRS and NEON simulated VIIRS. 
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interval range 

    

(a) SRER (b) JORN 

    

(c) HARV (d)BART 

    

(e) WOOD (f) GRSM 

    

(g) JERC (h) ABBY 

Figure 42: Concordance and 95% confidence interval plots of eight site for NIR band surface 

reflectance data of Landsat and NEON simulated Landsat. 
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APPENDIX C  

Resampled images for all sites 

Landsat 8, MODIS, VIIRS raw images were downloaded for all sites. Images were resampled, 

masked, and resized using the geographical location of the NEON AOP flight extent of each 

site. And NEON raw images were convoluted spectrally and spatially to simulate the specific 

sensor data to support the direct comparison (methodology explained in the main body). All 

RGB, NDVI and EVI2 original and NOEN AOP simulated for each site are shown in figure 

43-48. 

 

 

  



89 
 

 (a) RGB (b) NDVI (c ) EVI2 

 

   

Landsat 8 original image 

   

NEON simulated Landsat 8 image 

   

MODIS original image 
Harvard Forest 

(HARV) 

Massachusetts 

   

NEON simulated MODIS image 

   

VIIRS original image 

   

NEON simulated VIIRS image 

Figure 43: Original and simulated image from NEON AOP of Landsat 8, MODIS, VIIRS. 

(a) RGB, (b) NDVI, (c) EVI2 (respectively) for Harvard Forest (HARV) site. 
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 (a) RGB (b) NDVI (c ) EVI2 

 

   

Landsat 8 original image 

   

NEON simulated Landsat 8 image 

   

MODIS original image 
Bartlett Experimental 

Forest (BART)  

New Hampshire 

    

NEON simulated MODIS image 

   

VIIRS original image 

   

NEON simulated VIIRS image 

Figure 44: Original and simulated image from NEON AOP of Landsat 8, MODIS, VIIRS. 

(a) RGB, (b) NDVI, (c) EVI2 (respectively) for Bartlett Experimental Forest (BART) site. 
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 (a) RGB (b) NDVI (c ) EVI2 

 

   

Landsat 8 original image 

   

NEON simulated Landsat 8 image 

   

MODIS original image 
 Abby Road (ABBY) 

Washington 

   

NEON simulated MODIS image 

   

VIIRS original image 

   

NEON simulated VIIRS image 

Figure 45: Original and simulated image from NEON AOP of Landsat 8, MODIS, VIIRS. 

(a) RGB, (b) NDVI, (c) EVI2 (respectively) for Abby Road (ABBY) site. 
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 (a) RGB (b) NDVI (c ) EVI2 

 

   

Landsat 8 original image 

 
  

NEON simulated Landsat 8 image 

   

MODIS original image 

  Jones Ecological 

Research Center 

(JERC) 

Georgia    

NEON simulated MODIS image 

 

  

VIIRS original image 

   

NEON simulated VIIRS image 

Figure 46: Original and simulated image from NEON AOP of Landsat 8, MODIS, VIIRS. 

(a) RGB, (b) NDVI, (c) EVI2 (respectively) for Jones Ecological Research Center (JERC) 

site. 
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 (a) RGB (b) NDVI (c ) EVI2 

 

   

Landsat 8 original image 

 
  

NEON simulated Landsat 8 image 

   

MODIS original image 
Jornada LTER (JORN) 

New Mexico 

   

NEON simulated MODIS image 

   

VIIRS original image 

   

NEON simulated VIIRS image 

Figure 47: Original and simulated image from NEON AOP of Landsat 8, MODIS, VIIRS. 

(a) RGB, (b) NDVI, (c) EVI2 (respectively) for Jornada LTER (JORN) site. 
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 (a) RGB (b) NDVI (c ) EVI2 

 

   

Landsat 8 original image 

   

NEON simulated Landsat 8 image 

   

MODIS original image 
 (WOOD) 

 

   

NEON simulated MODIS image 

   

VIIRS original image 

   

NEON simulated VIIRS image 

Figure 48: Original and simulated image from NEON AOP of Landsat 8, MODIS, VIIRS. 

(a) RGB, (b) NDVI, (c) EVI2 (respectively) for Woodworth (WOOD) site. 
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APPENDIX D  

R codes for data analysis 

All data acquired from satellite sensors and NEON were preprocessed. Preprocessing steps 

including image visualization, masking, data extraction , spectral and spatial convolution using 

the Vegetation Index and Phenology (VIP) NEON-AOP online tool 

(vip.arizona.edu/tools/NEON/). 

The statistical analysis was performed using R studio. The code for the different statistical 

analyses are listed in this section. 

R codes for regression analysis 

############ All Functions############## 

###################Only line for 8 site in one plot################## 

my_formula = y ~ x-1 

plot_line <- function(d1,d2,d3,d4,d5,d6,d7,d8){ 

  ggplot() + ggtitle("MODIS vs NEON for NDVI")+xlab("NEON")+ylab("MODIS")+ 

    geom_smooth( 

      data = d1, 

      aes(x = X1 , y = X2), 

      method = "lm", 

      se = FALSE,color=1, 

      formula = my_formula 

    ) + 

    stat_poly_eq( 

      formula = my_formula, 

      data = d1,color=1, 

      aes(X1,X2, label = paste(..eq.label.., ..rr.label.., sep = "~~~")), 

      parse = TRUE, 

      label.y.npc = .95 

    )+ 

    geom_smooth( 

      data = d2, 

      aes(x = X1 , y = X2), 

      method = "lm", 

      se = FALSE,color=2, 

      formula = my_formula 

    ) + 

    stat_poly_eq( 

      formula = my_formula, 

      data = d1,color=2, 

      aes(X1,X2, label = paste(..eq.label.., ..rr.label.., sep = "~~~")), 

      parse = TRUE, 

      label.y.npc = .9 

    )+ 

    geom_smooth( 

      data = d3, 

      aes(x = X1 , y = X2), 

      method = "lm", 

      se = FALSE,color=3, 

      formula = my_formula 

    ) + 

    stat_poly_eq( 

https://vip.arizona.edu/tools/NEON/
https://vip.arizona.edu/tools/NEON/
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      formula = my_formula, 

      data = d3,color=3, 

      aes(X1,X2, label = paste(..eq.label.., ..rr.label.., sep = "~~~")), 

      parse = TRUE, 

      label.y.npc = .85 

    )+ 

    geom_smooth( 

      data = d4, 

      aes(x = X1 , y = X2), 

      method = "lm", 

      se = FALSE,color=4, 

      formula = my_formula 

    ) + 

    stat_poly_eq( 

      formula = my_formula, 

      data = d4,color=4, 

      aes(X1,X2, label = paste(..eq.label.., ..rr.label.., sep = "~~~")), 

      parse = TRUE, 

      label.y.npc = .8 

    )+ 

    geom_smooth( 

      data = d5, 

      aes(x = X1 , y = X2), 

      method = "lm", 

      se = FALSE,color=5, 

      formula = my_formula 

    ) + 

    stat_poly_eq( 

      formula = my_formula, 

      data = d5,color=5, 

      aes(X1,X2, label = paste(..eq.label.., ..rr.label.., sep = "~~~")), 

      parse = TRUE, 

      label.y.npc = .75 

    )+ 

    geom_smooth( 

      data = d6, 

      aes(x = X1 , y = X2), 

      method = "lm", 

      se = FALSE,color=6, 

      formula = my_formula 

    ) + 

    stat_poly_eq( 

      formula = my_formula, 

      data = d6,color=6, 

      aes(X1,X2, label = paste(..eq.label.., ..rr.label.., sep = "~~~")), 

      parse = TRUE, 

      label.y.npc = .7 

    )+ 

    geom_smooth( 

      data = d7, 

      aes(x = X1 , y = X2), 

      method = "lm", 

      se = FALSE,color=7, 

      formula = my_formula 

    ) + 

    stat_poly_eq( 

      formula = my_formula, 

      data = d7,color=7, 

      aes(X1,X2, label = paste(..eq.label.., ..rr.label.., sep = "~~~")), 

      parse = TRUE, 

      label.y.npc = .65 
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    )+ 

    geom_smooth( 

      data = d8, 

      aes(x = X1 , y = X2), 

      method = "lm", 

      se = FALSE,color=8, 

      formula = my_formula 

    ) + 

    stat_poly_eq( 

      formula = my_formula, 

      data = d8,color=8, 

      aes(X1,X2, label = paste(..eq.label.., ..rr.label.., sep = "~~~")), 

      parse = TRUE, 

      label.y.npc = .6 

    )+  

    scale_colour_discrete(name  ="Site", 

                          breaks=c("Female", "Male"), 

                          labels=c("Woman", "Man")) 

} 

################Single dataset plot scatter + line ################## 

plot_sc_ln_1 <- function(d1,sat,site){ 

  p <- ggplot(d1, aes(x=X1, y=X2))  

  p+geom_point(shape = 1,color=1)+ 

    ggtitle(paste0(site))+ 

    theme(plot.title = element_text(hjust = 0.5))+ 

    xlab("NEON")+ylab(paste0(sat))+xlim(0,1.1)+ylim(0,1.1)+ 

    geom_smooth( 

      data = d1, 

      aes(x = X1 , y = X2), 

      method = "lm", 

      se = FALSE,color=2, 

      formula = my_formula 

    ) + 

    stat_poly_eq( 

      formula = my_formula, 

      data = d1,color=2, 

      aes(X1,X2, label = paste(..eq.label.., ..rr.label.., sep = "~~~")), 

      parse = TRUE, 

      label.y.npc = 1 

    ) 

   

} 

################Two dataset plot scatter + line ################## 

plot_sc_ln_2 <- function(d1,d2,sat,d_name){ 

  p <- ggplot(d1, aes(x=X1, y=X2))  

  p+geom_point(aes(color="Data1",fill="Data1"),shape = 1,color=1)+ 

    geom_point(aes(color="Data2",fill="Data2"),data =d2,shape = 3,color=3)+ 

    scale_shape_manual(values=c(1,3))+ 

    scale_size_manual(values=c(3,4))+ 

    ggtitle(paste0(sat," vs NEON for ",d_name))+ 

    theme(plot.title = element_text(hjust = 0.5))+ 

    xlab("NEON")+ylab(paste0(sat))+ 

    geom_smooth( 

      data = rbind(d1,d2), 

      aes(x = X1 , y = X2), 

      method = "lm", 

      se = FALSE,color=2, 

      formula = my_formula 

    ) + 

    stat_poly_eq( 

      formula = my_formula, 
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      data = rbind(d1,d2),color=2, 

      aes(X1,X2, label = paste(..eq.label.., ..rr.label.., sep = "~~~")), 

      parse = TRUE, 

      label.y.npc = .95 

    ) 

    #scale_color_manual("Site", limits=c("Data1", "Data2"), values = 

c("red","red")) + 

    #guides(colour = guide_legend(override.aes = list(pch = c(1, 3)))) 

} 

plot_sc_ln_2_new <- function(d1,d2,sat,d_name,s1,s2){ 

  p <- ggplot(d1, aes(x=X1, y=X2))  

  p+geom_point(aes(color=paste0(s1)), shape=1, size = 1)+  

    geom_point(data=d2, aes(color=paste0(s2)), shape=2, fill = "blue", size 

= 1)  + 

    scale_color_manual("Sites", limits=c(paste0(s1), paste0(s2)), values = 

c("red","blue")) + 

    guides(colour = guide_legend(override.aes = list(pch = c(1, 2), fill = 

c("red", "blue"))))+ 

    ggtitle(paste0(sat," vs NEON for ",d_name))+ 

    theme(plot.title = element_text(hjust = 0.5))+ 

    xlab("NEON")+ylab(paste0(sat))+ 

    geom_smooth( 

      data = rbind(d1,d2), 

      aes(x = X1 , y = X2), 

      method = "lm", 

      se = FALSE,color=1, 

      formula = my_formula 

    ) + 

    stat_poly_eq( 

      formula = my_formula, 

      data = rbind(d1,d2),color=1, 

      aes(X1,X2, label = paste(..eq.label.., ..rr.label.., sep = "~~~")), 

      parse = TRUE, 

      label.y.npc = .95 

    ) 

} 

################Three dataset plot scatter + line ################## 

plot_sc_ln_3 <- function(d1,d2,d3,sat,d_name){ 

  p <- ggplot(d1, aes(x=X1, y=X2))  

  p+geom_point(shape = 1,color=1)+ 

    ggtitle(paste0(sat," vs NEON for ",d_name))+ 

    theme(plot.title = element_text(hjust = 0.5))+ 

    xlab("NEON")+ylab(paste0(sat))+ 

    geom_smooth( 

      data = rbind(d1,d2,d3), 

      aes(x = X1 , y = X2), 

      method = "lm", 

      se = FALSE,color=2, 

      formula = my_formula 

    ) + 

    stat_poly_eq( 

      formula = my_formula, 

      data = rbind(d1,d2,d3),color=2, 

      aes(X1,X2, label = paste(..eq.label.., ..rr.label.., sep = "~~~")), 

      parse = TRUE, 

      label.y.npc = .95 

    )+ 

    geom_point(data =d2,shape = 3,color=3)+ 

    geom_point(data =d3,shape = 4,color=4) 

   

} 
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plot_sc_ln_3_new <- function(d1,d2,d3,sat,d_name,s1,s2,s3){ 

  p <- ggplot(d1, aes(x=X1, y=X2))  

  p+geom_point(aes(color=paste0(s1)), shape=1, size = 1)+  

    geom_point(data=d2, aes(color=paste0(s2)), shape=2, fill = "blue", size 

= 1)  + 

    geom_point(data=d3, aes(color=paste0(s3)), shape=3, fill = "green", 

size = 1)  + 

    scale_color_manual("Sites", limits=c(paste0(s1), paste0(s2), 

paste0(s3)), values = c("red","blue","green")) + 

    guides(colour = guide_legend(override.aes = list(pch = c(1, 2, 3), fill 

= c("red", "blue","green"))))+ 

    ggtitle(paste0(sat," vs NEON for ",d_name))+ 

    theme(plot.title = element_text(hjust = 0.5))+ 

    xlab("NEON")+ylab(paste0(sat))+ 

    geom_smooth( 

      data = rbind(d1,d2,d3), 

      aes(x = X1 , y = X2), 

      method = "lm", 

      se = FALSE,color=1, 

      formula = my_formula 

    ) + 

    stat_poly_eq( 

      formula = my_formula, 

      data = rbind(d1,d2,d3),color=1, 

      aes(X1,X2, label = paste(..eq.label.., ..rr.label.., sep = "~~~")), 

      parse = TRUE, 

      label.y.npc = .95 

    ) 

} 

################Four dataset plot scatter + line ################## 

plot_sc_ln_4 <- function(d1,d2,d3,d4,sat,d_name){ 

  p <- ggplot(d1, aes(x=X1, y=X2))  

  p+geom_point(shape = 1,color=1)+ 

    ggtitle(paste0(sat," vs NEON for ",d_name))+ 

    theme(plot.title = element_text(hjust = 0.5))+ 

    xlab("NEON")+ylab(paste0(sat))+ 

    geom_smooth( 

      data = rbind(d1,d2,d3,d4), 

      aes(x = X1 , y = X2), 

      method = "lm", 

      se = FALSE,color=2, 

      formula = my_formula 

    ) + 

    stat_poly_eq( 

      formula = my_formula, 

      data = rbind(d1,d2,d3,d4),color=2, 

      aes(X1,X2, label = paste(..eq.label.., ..rr.label.., sep = "~~~")), 

      parse = TRUE, 

      label.y.npc = .95 

    )+ 

    geom_point(data =d2,shape = 3,color=3)+ 

    geom_point(data =d3,shape = 4,color=4)+ 

    geom_point(data =d4,shape = 5,color=5) 

   

} 

plot_sc_ln_4_new <- function(d1,d2,d3,d4,sat,d_name,s1,s2,s3,s4){ 

  p <- ggplot(d1, aes(x=X1, y=X2))  

  p+geom_point(aes(color=paste0(s1)), shape=1, size = 1)+  

    geom_point(data=d2, aes(color=paste0(s2)), shape=2, fill = "blue", size 

= 1)  + 
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    geom_point(data=d3, aes(color=paste0(s3)), shape=3, fill = "green", 

size = 1)  + 

    geom_point(data=d4, aes(color=paste0(s4)), shape=4, fill = "purple", 

size = 1)  + 

    scale_color_manual("Sites", limits=c(paste0(s1), paste0(s2), 

paste0(s3),paste0(s4)), values = c("red","blue","green","purple")) + 

    guides(colour = guide_legend(override.aes = list(pch = c(1, 2, 3,4), 

fill = c("red", "blue","green","purple"))))+ 

    ggtitle(paste0(sat," vs NEON for ",d_name))+ 

    theme(plot.title = element_text(hjust = 0.5))+ 

    xlab("NEON")+ylab(paste0(sat))+ 

    geom_smooth( 

      data = rbind(d1,d2,d3,d4), 

      aes(x = X1 , y = X2), 

      method = "lm", 

      se = FALSE,color=1, 

      formula = my_formula 

    ) + 

    stat_poly_eq( 

      formula = my_formula, 

      data = rbind(d1,d2,d3,d4),color=1, 

      aes(X1,X2, label = paste(..eq.label.., ..rr.label.., sep = "~~~")), 

      parse = TRUE, 

      label.y.npc = .95 

    ) 

   

} 

###############Linear regression############## 

library(MASS) 

linear_reg <- function(dataset){ 

  data <- data.frame(dataset) 

  #print(head(data)) 

  data.lm <- lm(X2~0+X1,data=data) 

  data.lmsum <- summary(data.lm) 

  out <- round(matrix(c(data.lm$coefficients[1], 

                        data.lmsum$coefficients[2], 

                        (confint(data.lm))[1], 

                        (confint(data.lm))[2], 

                        data.lmsum$r.squared), 1,5),4) 

  par(mfrow = c(2,2)) 

  plot(data.lm) 

  par(mfrow = c(1,1)) 

  return(out) 

} 

library(ggplot2) 

library(ggpmisc) 

###################Scatter and line for 8 site in one 

plot################## 

plot_sc_ln <- function(d1,d2,d3,d4,d5,d6,d7,d8,line_data){ 

  p <- ggplot(d1, aes(x=X1, y=X2))  

  p+geom_point(shape = 1,color=1)+ 

    geom_abline(intercept=0, slope=line_data[1,1], color=2, size=1.1)+ 

    geom_point(data =d2,shape = 2,color=3)+ 

    geom_abline(intercept=0, slope=line_data[2,1], color=4, size=1.1)+ 

    geom_point(data =d3,shape = 1,color=5)+ 

    geom_abline(intercept=0, slope=line_data[3,1], color=6, size=1.1)+ 

    geom_point(data =d4,shape = 2,color=7)+ 

    geom_abline(intercept=0, slope=line_data[4,1], color=8, size=1.1)+ 

    geom_point(data =d5,shape = 1,color=9)+ 

    geom_abline(intercept=0, slope=line_data[5,1], color=10, size=1.1)+ 

    geom_point(data =d6,shape = 2,color=11)+ 
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    geom_abline(intercept=0, slope=line_data[6,1], color=12, size=1.1)+ 

    geom_point(data =d7,shape = 1,color=13)+ 

    geom_abline(intercept=0, slope=line_data[7,1], color=14, size=1.1)+ 

    geom_point(data =d8,shape = 2,color=15)+ 

    geom_abline(intercept=0, slope=line_data[8,1], color=16, size=1.1) 

} 

###################Only Scatter for 8 site in one plot################## 

plot_scat <- function(d1,d2,d3,d4,d5,d6,d7,d8){ 

  p <- ggplot(d1, aes(x=X1, y=X2))  

  p+geom_point(shape = 1,color=1)+ggtitle("MODIS vs NEON for 

NDVI")+xlab("NEON")+ylab("MODIS")+ 

    geom_point(data =d2,shape = 2,color=2)+ 

    geom_point(data =d3,shape = 1,color=3)+ 

    geom_point(data =d4,shape = 2,color=4)+ 

    geom_point(data =d5,shape = 1,color=5)+ 

    geom_point(data =d6,shape = 2,color=6)+ 

    geom_point(data =d7,shape = 1,color=7)+ 

    geom_point(data =d8,shape = 2,color=8) 

} 

##############Multiplot############# 

multiplot <- function(..., plotlist=NULL, file, cols=1, layout=NULL) { 

  library(grid) 

  # Make a list from the ... arguments and plotlist 

  plots <- c(list(...), plotlist) 

  numPlots = length(plots) 

   

  # If layout is NULL, then use 'cols' to determine layout 

  if (is.null(layout)) { 

    # Make the panel 

    # ncol: Number of columns of plots 

    # nrow: Number of rows needed, calculated from # of cols 

    layout <- matrix(seq(1, cols * ceiling(numPlots/cols)), 

                     ncol = cols, nrow = ceiling(numPlots/cols)) 

  } 

  if (numPlots==1) { 

    print(plots[[1]]) 

  } else { 

    # Set up the page 

    grid.newpage() 

    pushViewport(viewport(layout = grid.layout(nrow(layout), 

ncol(layout)))) 

    # Make each plot, in the correct location 

    for (i in 1:numPlots) { 

      # Get the i,j matrix positions of the regions that contain this 

subplot 

      matchidx <- as.data.frame(which(layout == i, arr.ind = TRUE)) 

      print(plots[[i]], vp = viewport(layout.pos.row = matchidx$row, 

                                      layout.pos.col = matchidx$col)) 

    } 

  } 

} 

#############Function End################# 

################Names Variable ######################## 

sat_name <- c("MODIS", "VIIRS","LANDSAT" ) 

site_name <- c("SRER","JORN","HARV","GRSM","BART","JERC","ABBY","WOOD") 

data_name <- c("NDVI", "EVI2", "RED",  "NIR") 

##################MODIS##################### 

library(readxl) 

MOD_Data_Raw <- read_excel("E:/MS research/code/MOD_DataRaw.xlsx",  

                           sheet = "Sheet1", col_names = FALSE) 

MOD_Data <-MOD_Data_Raw 
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############Data Processing Start################## 

#Site SRER for MODIS 

MOD_SR_ND <- data.frame(cbind(MOD_Data$...1,MOD_Data$...2)) 

MOD_SR_EV <- data.frame(cbind(MOD_Data$...3,MOD_Data$...4)) 

MOD_SR_RE <- data.frame(cbind(MOD_Data$...5,MOD_Data$...6)) 

MOD_SR_NI <- data.frame(cbind(MOD_Data$...7,MOD_Data$...8)) 

MOD_SR_ND <- MOD_SR_ND[complete.cases(MOD_SR_ND), ] 

MOD_SR_EV <- MOD_SR_EV[complete.cases(MOD_SR_EV), ] 

MOD_SR_RE <- MOD_SR_RE[complete.cases(MOD_SR_RE), ] 

MOD_SR_NI <- MOD_SR_NI[complete.cases(MOD_SR_NI), ] 

#Site JORN for MODIS 

MOD_JO_ND <- data.frame(cbind(MOD_Data$...9,MOD_Data$...10)) 

MOD_JO_EV <- data.frame(cbind(MOD_Data$...11,MOD_Data$...12)) 

MOD_JO_RE <- data.frame(cbind(MOD_Data$...13,MOD_Data$...14)) 

MOD_JO_NI <- data.frame(cbind(MOD_Data$...15,MOD_Data$...16)) 

MOD_JO_ND <- MOD_JO_ND[complete.cases(MOD_JO_ND), ] 

MOD_JO_EV <- MOD_JO_EV[complete.cases(MOD_JO_EV), ] 

MOD_JO_RE <- MOD_JO_RE[complete.cases(MOD_JO_RE), ] 

MOD_JO_NI <- MOD_JO_NI[complete.cases(MOD_JO_NI), ] 

#Site HARV for MODIS 

MOD_HA_ND <- data.frame(cbind(MOD_Data$...17,MOD_Data$...18)) 

MOD_HA_EV <- data.frame(cbind(MOD_Data$...19,MOD_Data$...20)) 

MOD_HA_RE <- data.frame(cbind(MOD_Data$...21,MOD_Data$...22)) 

MOD_HA_NI <- data.frame(cbind(MOD_Data$...23,MOD_Data$...24)) 

MOD_HA_ND <- MOD_HA_ND[complete.cases(MOD_HA_ND), ] 

MOD_HA_EV <- MOD_HA_EV[complete.cases(MOD_HA_EV), ] 

MOD_HA_RE <- MOD_HA_RE[complete.cases(MOD_HA_RE), ] 

MOD_HA_NI <- MOD_HA_NI[complete.cases(MOD_HA_NI), ] 

#Site GRSM for MODIS 

MOD_GR_ND <- data.frame(cbind(MOD_Data$...25,MOD_Data$...26)) 

MOD_GR_EV <- data.frame(cbind(MOD_Data$...27,MOD_Data$...28)) 

MOD_GR_RE <- data.frame(cbind(MOD_Data$...29,MOD_Data$...30)) 

MOD_GR_NI <- data.frame(cbind(MOD_Data$...31,MOD_Data$...32)) 

MOD_GR_ND <- MOD_GR_ND[complete.cases(MOD_GR_ND), ] 

MOD_GR_EV <- MOD_GR_EV[complete.cases(MOD_GR_EV), ] 

MOD_GR_RE <- MOD_GR_RE[complete.cases(MOD_GR_RE), ] 

MOD_GR_NI <- MOD_GR_NI[complete.cases(MOD_GR_NI), ] 

#Site BART for MODIS 

MOD_BA_ND <- data.frame(cbind(MOD_Data$...33,MOD_Data$...34)) 

MOD_BA_EV <- data.frame(cbind(MOD_Data$...35,MOD_Data$...36)) 

MOD_BA_RE <- data.frame(cbind(MOD_Data$...37,MOD_Data$...38)) 

MOD_BA_NI <- data.frame(cbind(MOD_Data$...39,MOD_Data$...40)) 

MOD_BA_ND <- MOD_BA_ND[complete.cases(MOD_BA_ND), ] 

MOD_BA_EV <- MOD_BA_EV[complete.cases(MOD_BA_EV), ] 

MOD_BA_RE <- MOD_BA_RE[complete.cases(MOD_BA_RE), ] 

MOD_BA_NI <- MOD_BA_NI[complete.cases(MOD_BA_NI), ] 

#Site JERC for MODIS 

MOD_JE_ND <- data.frame(cbind(MOD_Data$...41,MOD_Data$...42)) 

MOD_JE_EV <- data.frame(cbind(MOD_Data$...43,MOD_Data$...44)) 

MOD_JE_RE <- data.frame(cbind(MOD_Data$...45,MOD_Data$...46)) 

MOD_JE_NI <- data.frame(cbind(MOD_Data$...47,MOD_Data$...48)) 

MOD_JE_ND <- MOD_JE_ND[complete.cases(MOD_JE_ND), ] 

MOD_JE_EV <- MOD_JE_EV[complete.cases(MOD_JE_EV), ] 

MOD_JE_RE <- MOD_JE_RE[complete.cases(MOD_JE_RE), ] 

MOD_JE_NI <- MOD_JE_NI[complete.cases(MOD_JE_NI), ] 

#Site ABBY for MODIS 

MOD_AB_ND <- data.frame(cbind(MOD_Data$...49,MOD_Data$...50)) 

MOD_AB_EV <- data.frame(cbind(MOD_Data$...51,MOD_Data$...52)) 

MOD_AB_RE <- data.frame(cbind(MOD_Data$...53,MOD_Data$...54)) 

MOD_AB_NI <- data.frame(cbind(MOD_Data$...55,MOD_Data$...56)) 

MOD_AB_ND <- MOD_AB_ND[complete.cases(MOD_AB_ND), ] 
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MOD_AB_EV <- MOD_AB_EV[complete.cases(MOD_AB_EV), ] 

MOD_AB_RE <- MOD_AB_RE[complete.cases(MOD_AB_RE), ] 

MOD_AB_NI <- MOD_AB_NI[complete.cases(MOD_AB_NI), ] 

#Site WOOD for MODIS 

MOD_WO_ND <- data.frame(cbind(MOD_Data$...57,MOD_Data$...58)) 

MOD_WO_EV <- data.frame(cbind(MOD_Data$...59,MOD_Data$...60)) 

MOD_WO_RE <- data.frame(cbind(MOD_Data$...61,MOD_Data$...62)) 

MOD_WO_NI <- data.frame(cbind(MOD_Data$...63,MOD_Data$...64)) 

MOD_WO_ND <- MOD_WO_ND[complete.cases(MOD_WO_ND), ] 

MOD_WO_EV <- MOD_WO_EV[complete.cases(MOD_WO_EV), ] 

MOD_WO_RE <- MOD_WO_RE[complete.cases(MOD_WO_RE), ] 

MOD_WO_NI <- MOD_WO_NI[complete.cases(MOD_WO_NI), ] 

############Data Processing End################## 

###############Scatter Plot for 8 site NDVI ################### 

 par(mfrow = c(4,2)) 

 par(mar = rep(2, 4)) 

 plot(MOD_SR_ND, main = "SRER NDVI MODIS", xlab = "NEON", ylab = "NDVI") 

 plot(MOD_JO_ND, main = "JORN NDVI MODIS", xlab = "NEON", ylab = "NDVI") 

 plot(MOD_HA_ND, main = "HARV NDVI MODIS", xlab = "NEON", ylab = "NDVI") 

 plot(MOD_GR_ND, main = "GRSM NDVI MODIS", xlab = "NEON", ylab = "NDVI") 

 plot(MOD_BA_ND, main = "BART NDVI MODIS", xlab = "NEON", ylab = "NDVI") 

 plot(MOD_JE_ND, main = "JERC NDVI MODIS", xlab = "NEON", ylab = "NDVI") 

 plot(MOD_AB_ND, main = "ABBY NDVI MODIS", xlab = "NEON", ylab = "NDVI") 

 plot(MOD_WO_ND, main = "WOOD NDVI MODIS", xlab = "NEON", ylab = "NDVI") 

 ###############Scatter Plot for 8 site EVI2 ################### 

 par(mfrow = c(4,2)) 

 par(mar = rep(2, 4)) 

 plot(MOD_SR_EV, main = "SRER EVI2 MODIS", xlab = "NEON", ylab = "EVI2") 

 plot(MOD_JO_EV, main = "JORN EVI2 MODIS", xlab = "NEON", ylab = "EVI2") 

 plot(MOD_HA_EV, main = "HARV EVI2 MODIS", xlab = "NEON", ylab = "EVI2") 

 plot(MOD_GR_EV, main = "GRSM EVI2 MODIS", xlab = "NEON", ylab = "EVI2") 

 plot(MOD_BA_EV, main = "BART EVI2 MODIS", xlab = "NEON", ylab = "EVI2") 

 plot(MOD_JE_EV, main = "JERC EVI2 MODIS", xlab = "NEON", ylab = "EVI2") 

 plot(MOD_AB_EV, main = "ABBY EVI2 MODIS", xlab = "NEON", ylab = "EVI2") 

 plot(MOD_WO_EV, main = "WOOD EVI2 MODIS", xlab = "NEON", ylab = "EVI2") 

 ###############Scatter Plot for 8 site RED ################### 

 par(mfrow = c(4,2)) 

 par(mar = rep(2, 4)) 

 plot(MOD_SR_RE, main = "SRER RED MODIS", xlab = "NEON", ylab = "RED") 

 plot(MOD_JO_RE, main = "JORN RED MODIS", xlab = "NEON", ylab = "RED") 

 plot(MOD_HA_RE, main = "HARV RED MODIS", xlab = "NEON", ylab = "RED") 

 plot(MOD_GR_RE, main = "GRSM RED MODIS", xlab = "NEON", ylab = "RED") 

 plot(MOD_BA_RE, main = "BART RED MODIS", xlab = "NEON", ylab = "RED") 

 plot(MOD_JE_RE, main = "JERC RED MODIS", xlab = "NEON", ylab = "RED") 

 plot(MOD_AB_RE, main = "ABBY RED MODIS", xlab = "NEON", ylab = "RED") 

 plot(MOD_WO_RE, main = "WOOD RED MODIS", xlab = "NEON", ylab = "RED") 

 ###############Scatter Plot for 8 site NIR ################### 

 par(mfrow = c(4,2)) 

 par(mar = rep(2, 4)) 

 plot(MOD_SR_NI, main = "SRER NIR MODIS", xlab = "NEON", ylab = "NIR") 

 plot(MOD_JO_NI, main = "JORN NIR MODIS", xlab = "NEON", ylab = "NIR") 

 plot(MOD_HA_NI, main = "HARV NIR MODIS", xlab = "NEON", ylab = "NIR") 

 plot(MOD_GR_NI, main = "GRSM NIR MODIS", xlab = "NEON", ylab = "NIR") 

 plot(MOD_BA_NI, main = "BART NIR MODIS", xlab = "NEON", ylab = "NIR") 

 plot(MOD_JE_NI, main = "JERC NIR MODIS", xlab = "NEON", ylab = "NIR") 

 plot(MOD_AB_NI, main = "ABBY NIR MODIS", xlab = "NEON", ylab = "NIR") 

 plot(MOD_WO_NI, main = "WOOD NIR MODIS", xlab = "NEON", ylab = "NIR") 

# linear_reg <- function(dataset){ 

#   data <- dataset 

#   data.lm <- lm(X2~X1,data=data) 

#   data.lmsum <- summary(data.lm) 
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#   out <- round(matrix(c(data.lm$coefficients[1], 

#       data.lmsum$coefficients[1,2], 

#     (confint(data.lm))[1,1], 

#     (confint(data.lm))[1,2], 

#     data.lm$coefficients[2], 

#     data.lmsum$coefficients[2,2], 

#     (confint(data.lm))[2,1], 

#     (confint(data.lm))[2,2], 

#     data.lmsum$r.squared), 1,9),4) 

#   plot(x=NA,y=NA, ylim=c(0, 1), xlim=c(0, 1),xlab="NEON", ylab="NDVI") 

#   abline(data.lm,col=1) 

#   abline(a=out[1,3],b=out[1,7],col=2) 

#   abline(a=out[1,4],b=out[1,8],col=2) 

#   return(out) 

#    

# } 

# plot_line <- function(d1,d2,d3,d4,d5,d6,d7,d8,line_data){ 

#   p <- ggplot(NULL, aes(x=X1, y=X2))  

#   p+geom_abline(intercept=0, slope=line_data[1,1], color=1, size=1.1)+ 

#     geom_abline(intercept=0, slope=line_data[2,1], color=2, size=1.1)+ 

#     geom_abline(intercept=0, slope=line_data[3,1], color=3, size=1.1)+ 

#     geom_abline(intercept=0, slope=line_data[4,1], color=4, size=1.1)+ 

#     geom_abline(intercept=0, slope=line_data[5,1], color=5, size=1.1)+ 

#     geom_abline(intercept=0, slope=line_data[6,1], color=6, size=1.1)+ 

#     geom_abline(intercept=0, slope=line_data[7,1], color=7, size=1.1)+ 

#     geom_abline(intercept=0, slope=line_data[8,1], color=8, size=1.1) 

# } 

#################Example Plots######################## 

p1<-plot_sc_ln_1(d1=MOD_SR_ND,sat=sat_name[1],site = site_name[1]) 

p2<-plot_sc_ln_1(d1=MOD_JO_ND,sat=sat_name[1],site = site_name[2]) 

p3<-plot_sc_ln_1(d1=MOD_HA_ND,sat=sat_name[1],site = site_name[3]) 

p4<-plot_sc_ln_1(d1=MOD_GR_ND,sat=sat_name[1],site = site_name[4]) 

p5<-plot_sc_ln_1(d1=MOD_BA_ND,sat=sat_name[1],site = site_name[5]) 

p6<-plot_sc_ln_1(d1=MOD_JE_ND,sat=sat_name[1],site = site_name[6]) 

p7<-plot_sc_ln_1(d1=MOD_AB_ND,sat=sat_name[1],site = site_name[7]) 

p8<-plot_sc_ln_1(d1=MOD_WO_ND,sat=sat_name[1],site = site_name[8]) 

multiplot(p1,p2,p3,p4,cols = 2) 

multiplot(p5,p6,p7,p8,cols = 2) 

p1<-plot_sc_ln_1(d1=MOD_SR_EV,sat=sat_name[1],site = site_name[1]) 

p2<-plot_sc_ln_1(d1=MOD_JO_EV,sat=sat_name[1],site = site_name[2]) 

p3<-plot_sc_ln_1(d1=MOD_HA_EV,sat=sat_name[1],site = site_name[3]) 

p4<-plot_sc_ln_1(d1=MOD_GR_EV,sat=sat_name[1],site = site_name[4]) 

p5<-plot_sc_ln_1(d1=MOD_BA_EV,sat=sat_name[1],site = site_name[5]) 

p6<-plot_sc_ln_1(d1=MOD_JE_EV,sat=sat_name[1],site = site_name[6]) 

p7<-plot_sc_ln_1(d1=MOD_AB_EV,sat=sat_name[1],site = site_name[7]) 

p8<-plot_sc_ln_1(d1=MOD_WO_EV,sat=sat_name[1],site = site_name[8]) 

multiplot(p1,p2,p3,p4,cols = 2) 

multiplot(p5,p6,p7,p8,cols = 2) 

p1<-plot_sc_ln_1(d1=MOD_SR_RE,sat=sat_name[1],site = site_name[1]) 

p2<-plot_sc_ln_1(d1=MOD_JO_RE,sat=sat_name[1],site = site_name[2]) 

p3<-plot_sc_ln_1(d1=MOD_HA_RE,sat=sat_name[1],site = site_name[3]) 

p4<-plot_sc_ln_1(d1=MOD_GR_RE,sat=sat_name[1],site = site_name[4]) 

p5<-plot_sc_ln_1(d1=MOD_BA_RE,sat=sat_name[1],site = site_name[5]) 

p6<-plot_sc_ln_1(d1=MOD_JE_RE,sat=sat_name[1],site = site_name[6]) 

p7<-plot_sc_ln_1(d1=MOD_AB_RE,sat=sat_name[1],site = site_name[7]) 

p8<-plot_sc_ln_1(d1=MOD_WO_RE,sat=sat_name[1],site = site_name[8]) 

multiplot(p1,p2,p3,p4,cols = 2) 

multiplot(p5,p6,p7,p8,cols = 2) 

p1<-plot_sc_ln_1(d1=MOD_SR_NI,sat=sat_name[1],site = site_name[1]) 

p2<-plot_sc_ln_1(d1=MOD_JO_NI,sat=sat_name[1],site = site_name[2]) 

p3<-plot_sc_ln_1(d1=MOD_HA_NI,sat=sat_name[1],site = site_name[3]) 
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p4<-plot_sc_ln_1(d1=MOD_GR_NI,sat=sat_name[1],site = site_name[4]) 

p5<-plot_sc_ln_1(d1=MOD_BA_NI,sat=sat_name[1],site = site_name[5]) 

p6<-plot_sc_ln_1(d1=MOD_JE_NI,sat=sat_name[1],site = site_name[6]) 

p7<-plot_sc_ln_1(d1=MOD_AB_NI,sat=sat_name[1],site = site_name[7]) 

p8<-plot_sc_ln_1(d1=MOD_WO_NI,sat=sat_name[1],site = site_name[8]) 

multiplot(p1,p2,p3,p4,cols = 2) 

multiplot(p5,p6,p7,p8,cols = 2) 

plot_sc_ln_2(d1=MOD_SR_ND,d2=MOD_JO_ND,sat=sat_name[1],d_name = 

data_name[1]) 

plot_sc_ln_2_new(d1=MOD_SR_ND,d2=MOD_JO_ND,sat=sat_name[1],d_name = 

data_name[1],s1=site_name[1],s2=site_name[2]) 

plot_sc_ln_3(d1=MOD_SR_ND,d2=MOD_JO_ND,d3=MOD_GR_ND,sat=sat_name[1],d_name 

= data_name[1]) 

plot_sc_ln_4(d1=MOD_SR_ND,d2=MOD_WO_ND,d3=MOD_JE_ND,d4=MOD_GR_ND,sat=sat_na

me[1],d_name = data_name[1]) 

plot_sc_ln_4_new(d1=MOD_SR_ND,d2=MOD_WO_ND,d3=MOD_JE_ND,d4=MOD_GR_ND,sat=sa

t_name[1],d_name = 

data_name[1],s1=site_name[1],s2=site_name[8],s3=site_name[6],s4=site_name[4

]) 

plot_sc_ln_3(d1=MOD_SR_EV,d2=MOD_GR_EV,d3=MOD_JE_EV,sat=sat_name[1],d_name 

= data_name[2]) 

plot_sc_ln_3_new(d1=MOD_SR_EV,d2=MOD_GR_EV,d3=MOD_JE_EV,sat=sat_name[1],d_n

ame = data_name[2],s1=site_name[1],s2=site_name[4],s3=site_name[6]) 

plot_sc_ln_3(d1=MOD_SR_RE,d2=MOD_HA_RE,d3=MOD_BA_RE,sat=sat_name[1],d_name 

= data_name[3]) 

plot_sc_ln_3_new(d1=MOD_SR_RE,d2=MOD_HA_RE,d3=MOD_BA_RE,sat=sat_name[1],d_n

ame = data_name[3],s1=site_name[1],s2=site_name[3],s3=site_name[5]) 

plot_sc_ln_3(d1=MOD_BA_NI,d2=MOD_JO_NI,d3=MOD_GR_NI,sat=sat_name[1],d_name 

= data_name[4]) 

plot_sc_ln_3_new(d1=MOD_BA_NI,d2=MOD_JO_NI,d3=MOD_GR_NI,sat=sat_name[1],d_n

ame = data_name[4],s1=site_name[2],s2=site_name[4],s3=site_name[5]) 

plot_scat(MOD_SR_ND,MOD_JO_ND,MOD_HA_ND,MOD_GR_ND,MOD_BA_ND, 

          MOD_JE_ND,MOD_AB_ND,MOD_WO_ND,NDVI_reg) 

plot_line(MOD_SR_ND,MOD_JO_ND,MOD_HA_ND,MOD_GR_ND,MOD_BA_ND, 

          MOD_JE_ND,MOD_AB_ND,MOD_WO_ND) 

#################Linear regressions for NDVI for 8 Sites################## 

MOD_SR_ND.lm <- linear_reg(MOD_SR_ND) 

MOD_JO_ND.lm <- linear_reg(MOD_JO_ND) 

MOD_HA_ND.lm <- linear_reg(MOD_HA_ND) 

MOD_GR_ND.lm <- linear_reg(MOD_GR_ND) 

MOD_BA_ND.lm <- linear_reg(MOD_BA_ND) 

MOD_JE_ND.lm <- linear_reg(MOD_JE_ND) 

MOD_AB_ND.lm <- linear_reg(MOD_AB_ND) 

MOD_WO_ND.lm <- linear_reg(MOD_WO_ND) 

##############Regression Output for NDVI for 8 Sites############ 

NDVI_reg <- 

rbind(MOD_SR_ND.lm,MOD_JO_ND.lm,MOD_HA_ND.lm,MOD_GR_ND.lm,MOD_BA_ND.lm, 

      MOD_JE_ND.lm,MOD_AB_ND.lm,MOD_WO_ND.lm ) 

NDVI_reg 

# lm.scatter2 <- ggplot(NULL, aes(x=X1, y=X2)) +  

#   geom_point(data = MOD_SR_ND,color='red') +   

#   geom_abline(intercept=0, slope=NDVI_reg[1,1], color='green', size=1.1) 

+ 

#   geom_point(data = MOD_JO_ND,color='green') +   

#   geom_abline(intercept=0, slope=NDVI_reg[2,1], color='red', size=1.1) + 

#   labs(title='Regression through the Origin') 

#  

#################Linear regressions for EVI2 for 8 Sites################## 

##############Regression Output for EVI2 for 8 Sites############ 

EVI2_reg <- 

rbind(MOD_SR_EV.lm,MOD_JO_EV.lm,MOD_HA_EV.lm,MOD_GR_EV.lm,MOD_BA_EV.lm, 
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      MOD_JE_EV.lm,MOD_AB_EV.lm,MOD_WO_EV.lm ) 

EVI2_reg 

#################Linear regressions for RED for 8 Sites################## 

MOD_SR_RE.lm <- linear_reg(MOD_SR_RE) 

MOD_JO_RE.lm <- linear_reg(MOD_JO_RE) 

MOD_HA_RE.lm <- linear_reg(MOD_HA_RE) 

MOD_GR_RE.lm <- linear_reg(MOD_GR_RE) 

MOD_BA_RE.lm <- linear_reg(MOD_BA_RE) 

MOD_JE_RE.lm <- linear_reg(MOD_JE_RE) 

MOD_AB_RE.lm <- linear_reg(MOD_AB_RE) 

MOD_WO_RE.lm <- linear_reg(MOD_WO_RE) 

##############Regression Output for RED for 8 Sites############ 

RED_reg <- 

rbind(MOD_SR_RE.lm,MOD_JO_RE.lm,MOD_HA_RE.lm,MOD_GR_RE.lm,MOD_BA_RE.lm, 

                  MOD_JE_RE.lm,MOD_AB_RE.lm,MOD_WO_RE.lm ) 

RED_reg 

#################Linear regressions for NIR for 8 Sites################## 

MOD_SR_NI.lm <- linear_reg(MOD_SR_NI) 

MOD_JO_NI.lm <- linear_reg(MOD_JO_NI) 

MOD_HA_NI.lm <- linear_reg(MOD_HA_NI) 

MOD_GR_NI.lm <- linear_reg(MOD_GR_NI) 

MOD_BA_NI.lm <- linear_reg(MOD_BA_NI) 

MOD_JE_NI.lm <- linear_reg(MOD_JE_NI) 

MOD_AB_NI.lm <- linear_reg(MOD_AB_NI) 

MOD_WO_NI.lm <- linear_reg(MOD_WO_NI) 

##############Regression Output for NIR for 8 Sites############ 

NIR_reg <- 

rbind(MOD_SR_NI.lm,MOD_JO_NI.lm,MOD_HA_NI.lm,MOD_GR_NI.lm,MOD_BA_NI.lm, 

                  MOD_JE_NI.lm,MOD_AB_NI.lm,MOD_WO_NI.lm ) 

NIR_reg 

##############Multiple Site One regression############### 

linear_reg(rbind(MOD_SR_ND,MOD_JO_ND,MOD_HA_ND,MOD_GR_ND)) 

# MODIS_reg <- rbind(NDVI_reg, EVI2_reg, RED_reg, NIR_reg) 

# colnames(MODIS_reg) <- c("Intercept","Intercept Std. Error", 

#                          "Intercept 95% Lower Limit", 

#                          "Intercept 95% Upper Limit", 

#                          "Slope","Slope Std. Error", 

#                          "Slope 95% Lower Limit", 

#                          "Slope 95% Upper Limit", 

#                          "r-square") 

#  

# rownames(MODIS_reg) <- c("") 

#  

# MOD_SR_ND.bc=boxcox(MOD_SR_ND.lm,lambda=seq(0.1,2,0.1), 

#                    interp=F) 

# MOD_SR_ND.lm <- lm(X2~0+X1,data = data.frame(MOD_SR_ND)) 

# MOD_SR_ND.lmsum <- summary(MOD_SR_ND.lm) 

# MOD_SR_ND.lmsum$coefficients[1,2] 

################concordance correlation################# 

 

CCC(x, y, ci = "z-transform", conf.level = 0.95, na.rm = FALSE) 

method1 <- MOD_AB_ND$X1 

method2 <- MOD_AB_ND$X2 

 

tmp.ccc <- CCC(method1, method2, ci = "z-transform", 

               conf.level = 0.95) 

 

lab <- paste("CCC: ", round(tmp.ccc$rho.c[,1], digits = 2), " (95% CI ",  

             round(tmp.ccc$rho.c[,2], digits = 2), " - ", 

             round(tmp.ccc$rho.c[,3], digits = 2), ")", sep = "") 

z <- lm(method2 ~ 0+method1) 
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par(pty = "s") 

plot(method1, method2, xlim = c(0, 1.2), ylim = c(0, 1.2), xlab = "NEON 

simulated NDVI",  

     ylab = "MODIS NDVI", pch = 16) 

abline(a = 0, b = 1, lty = 2) 

abline(z, lty = 1) 

legend(x = "topleft", legend = c("Line of perfect concordance",  

                                 "Reduced major axis"), lty = c(2,1), lwd = 

c(1,1), bty = "n") 

text(x = 1.55, y = 3.8, labels = lab) 

 

x <- MOD_AB_ND$X1 

y <- MOD_AB_ND$X2 

tmp.ccc <- CCC(x, y, ci = "z-transform", conf.level = 0.95) 

tmp.mean <- mean(tmp.ccc$blalt$delta) 

tmp.sd <- sqrt(var(tmp.ccc$blalt$delta)) 

 

plot(tmp.ccc$blalt$mean, tmp.ccc$blalt$delta, pch = 16,  

     xlab = "Average NDVI",  

     ylab = "Difference in NDVI",ylim = c(-1.2,1.2),xlim = c(0,1.2)) 

abline(h = tmp.mean, lty = 1, col = "gray") 

abline(h = tmp.mean - (3 * tmp.sd), lty = 2, col = "gray") 

abline(h = tmp.mean + (3 * tmp.sd), lty = 2, col = "gray") 

legend(x = "topleft", legend = c("Mean difference",  

                                 "Mean difference +/- 3SD"), lty = c(1,2), 

bty = "n") 

legend(x = 0, y = 125, legend = c("Difference"), pch = 16,  

       bty = "n") 

 

#####EVI2########### 

method1 <- MOD_AB_EV$X1 

method2 <- MOD_AB_EV$X2 

 

tmp.ccc <- CCC(method1, method2, ci = "z-transform", 

               conf.level = 0.95) 

 

lab <- paste("CCC: ", round(tmp.ccc$rho.c[,1], digits = 2), " (95% CI ",  

             round(tmp.ccc$rho.c[,2], digits = 2), " - ", 

             round(tmp.ccc$rho.c[,3], digits = 2), ")", sep = "") 

z <- lm(method2 ~ 0+method1) 

 

par(pty = "s") 

plot(method1, method2, xlim = c(0, 1.2), ylim = c(0, 1.2), xlab = "NEON 

simulated EVI2",  

     ylab = "MODIS EVI2", pch = 16) 

abline(a = 0, b = 1, lty = 2) 

abline(z, lty = 1) 

legend(x = "topleft", legend = c("Line of perfect concordance",  

                                 "Reduced major axis"), lty = c(2,1), lwd = 

c(1,1), bty = "n") 

text(x = 1.55, y = 3.8, labels = lab) 

 

x <- MOD_AB_EV$X1 

y <- MOD_AB_EV$X2 

tmp.ccc <- CCC(x, y, ci = "z-transform", conf.level = 0.95) 

tmp.mean <- mean(tmp.ccc$blalt$delta) 

tmp.sd <- sqrt(var(tmp.ccc$blalt$delta)) 

 

plot(tmp.ccc$blalt$mean, tmp.ccc$blalt$delta, pch = 16,  

     xlab = "Average EVI2",  
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     ylab = "Difference in EVI2",ylim = c(-1.2,1.2),xlim = c(0,1.2)) 

abline(h = tmp.mean, lty = 1, col = "gray") 

abline(h = tmp.mean - (3 * tmp.sd), lty = 2, col = "gray") 

abline(h = tmp.mean + (3 * tmp.sd), lty = 2, col = "gray") 

legend(x = "topleft", legend = c("Mean difference",  

                                 "Mean difference +/- 3SD"), lty = c(1,2), 

bty = "n") 

legend(x = 0, y = 125, legend = c("Difference"), pch = 16,  

       bty = "n") 

 

#######RED######### 

 

method1 <- MOD_HA_RE$X1 

method2 <- MOD_HA_RE$X2 

 

tmp.ccc <- CCC(method1, method2, ci = "z-transform", 

               conf.level = 0.95) 

 

lab <- paste("CCC: ", round(tmp.ccc$rho.c[,1], digits = 2), " (95% CI ",  

             round(tmp.ccc$rho.c[,2], digits = 2), " - ", 

             round(tmp.ccc$rho.c[,3], digits = 2), ")", sep = "") 

z <- lm(method2 ~ 0+method1) 

 

par(pty = "s") 

plot(method1, method2, xlim = c(0, 1.2), ylim = c(0, 1.2), xlab = "NEON 

simulated RED band SR",  

     ylab = "MODIS RED band SR", pch = 16) 

abline(a = 0, b = 1, lty = 2) 

abline(z, lty = 1) 

legeRE(x = "topleft", legeRE = c("Line of perfect concordance",  

                                 "Reduced major axis"), lty = c(2,1), lwd = 

c(1,1), bty = "n") 

text(x = 1.55, y = 3.8, labels = lab) 

 

x <- MOD_HA_RE$X1 

y <- MOD_HA_RE$X2 

tmp.ccc <- CCC(x, y, ci = "z-transform", conf.level = 0.95) 

tmp.mean <- mean(tmp.ccc$blalt$delta) 

tmp.sd <- sqrt(var(tmp.ccc$blalt$delta)) 

 

plot(tmp.ccc$blalt$mean, tmp.ccc$blalt$delta, pch = 16,  

     xlab = "Average RED band SR",  

     ylab = "Difference in RED band SR",ylim = c(-1.2,1.2),xlim = c(0,1.2)) 

abline(h = tmp.mean, lty = 1, col = "gray") 

abline(h = tmp.mean - (3 * tmp.sd), lty = 2, col = "gray") 

abline(h = tmp.mean + (3 * tmp.sd), lty = 2, col = "gray") 

legeRE(x = "topleft", legeRE = c("Mean difference",  

                                 "Mean difference +/- 3SD"), lty = c(1,2), 

bty = "n") 

legeRE(x = 0, y = 125, legeRE = c("Difference"), pch = 16,  

       bty = "n") 

 

######NIR######## 

method1 <- MOD_HA_NI$X1 

method2 <- MOD_HA_NI$X2 

 

tmp.ccc <- CCC(method1, method2, ci = "z-transform", 

               conf.level = 0.95) 

 

lab <- paste("CCC: ", round(tmp.ccc$rho.c[,1], digits = 2), " (95% CI ",  

             round(tmp.ccc$rho.c[,2], digits = 2), " - ", 
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             round(tmp.ccc$rho.c[,3], digits = 2), ")", sep = "") 

z <- lm(method2 ~ 0+method1) 

 

par(pty = "s") 

plot(method1, method2, xlim = c(0, 1.2), ylim = c(0, 1.2), xlab = "NEON 

simulated NIR band SR",  

     ylab = "MODIS NIR band SR", pch = 16) 

abline(a = 0, b = 1, lty = 2) 

abline(z, lty = 1) 

legeNI(x = "topleft", legeNI = c("Line of perfect concordance",  

                                 "Reduced major axis"), lty = c(2,1), lwd = 

c(1,1), bty = "n") 

text(x = 1.55, y = 3.8, labels = lab) 

 

x <- MOD_HA_NI$X1 

y <- MOD_HA_NI$X2 

tmp.ccc <- CCC(x, y, ci = "z-transform", conf.level = 0.95) 

tmp.mean <- mean(tmp.ccc$blalt$delta) 

tmp.sd <- sqrt(var(tmp.ccc$blalt$delta)) 

 

plot(tmp.ccc$blalt$mean, tmp.ccc$blalt$delta, pch = 16,  

     xlab = "Average NIR band SR",  

     ylab = "Difference in NIR band SR",ylim = c(-1.2,1.2),xlim = c(0,1.2)) 

abline(h = tmp.mean, lty = 1, col = "gray") 

abline(h = tmp.mean - (3 * tmp.sd), lty = 2, col = "gray") 

abline(h = tmp.mean + (3 * tmp.sd), lty = 2, col = "gray") 

legeNI(x = "topleft", legeNI = c("Mean difference",  

                                 "Mean difference +/- 3SD"), lty = c(1,2), 

bty = "n") 

legeNI(x = 0, y = 125, legeNI = c("Difference"), pch = 16,  

       bty = "n") 
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