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Abstract

:

Pasture management approaches can determine the productivity, sustainability, and ecological balance of livestock production. Sensing techniques potentially provide methods to assess the performance of different grazing practices that are more labor and time efficient than traditional methods (e.g., soil and crop sampling). This study utilized high-resolution satellite and unmanned aerial system (UAS) imagery to evaluate vegetation characteristics of a pasture field location with two grazing densities (low and high, applied in the years 2015–2019) and four fertility treatments (control, manure, mineral, and compost tea, applied annually in the years 2015–2019). The pasture productivity was assessed through satellite imagery annually from the years 2017 to 2019. The relation and variation within and between the years were evaluated using vegetation indices extracted from satellite and UAS imagery. The data from the two sensing systems (satellite and UAS) demonstrated that grazing density showed a significant effect (p < 0.05) on pasture crop status in 2019. Furthermore, the mean vegetation index data extracted from satellite and UAS imagery (2019) had a high correlation (r ≥ 0.78, p < 0.001). These results show the potential of utilizing satellite and UAS imagery for crop productivity assessment applications in small to medium pasture research and management.
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1. Introduction


Pasture management is vital to ensure adequate forage quantity and quality in support of domestic animal production. In addition, several countries have utilized the integration of livestock into cropping systems to contribute to the ecological sustainability of agriculture [1,2,3,4]. Domestic livestock is grown in pastures, grasslands, and natural areas; well-managed grazing results in reducing soil erosion from tillage and heavy grazing, improving soil fertility through the application of manure, maintaining ruminants’ natural digestive systems, and converting otherwise unusable plant material into more nutritious animal products, such as meat and milk [5,6,7].



Livestock grazing over a large area requires dynamic decision-making to appropriately allocate pasture forage for animals; this must consider pasture growth’s spatial and temporal variation associated mainly with the weather, soil nutrients, and grazing management [8,9]. Systematic monitoring of plant community and soil health to inform this decision-making in larger grazed areas can be time-consuming and labor-intensive. Moreover, destructive sampling can limit the amount of vegetation available as animal feed. Thus, novel methods and techniques to gather information on the forage quality of paddocks using less labor could improve the management of large swaths of land [10,11].



Remote sensing technologies offer distinctive advantages, providing high spatial and temporal resolutions; these techniques are inexpensive, time-effective, non-destructive, and applicable in areas inaccessible to humans [12,13,14,15]. Satellite and unmanned aerial system (UAS) are the typical platforms used for acquiring remotely-sensed imagery [16,17]. Applications include grassland vegetation mapping and phenomena detection related to crop-livestock research/management, such as yield and biomass at large spatial scales, to optimize process/output efficiency [18,19].



Satellite imagery has been commonly utilized to observe large pastures, such as advanced very high-resolution radiometer–AVHRR [20,21], moderate resolution imaging spectroradiometer–MODIS [22,23], the Landsat fleet [24,25], and Sentinel-2 [26,27]. In addition, synthetic aperture radar (SAR) sensors have also been applied from TerraSAR-X [28,29] and Sentinel-1 sources [30,31]. UAS-mounted cameras/sensors can offer high-resolution spectral data, providing more details to describe the plant/crop status in the field. Nevertheless, the issue of coverage area and the efficiency of resource utilization (personnel, travel) for continuous monitoring restrict the wide usage of UAS applications in rangeland systems [32,33]. In the same way, although the satellite platform can provide medium to high temporal resolution (~1–15 days), the spatial resolution is inadequate to delineate forage performances of small to medium pasture parcels (<1 ha) [34,35]. This research, therefore, aims to expand our understanding of the inter-relationships between these two remote sensing data for productivity evaluation in small to medium-sized pasture paddocks.



In this study, the primary objective was to utilize remotely sensed indices derived from satellite and UAS imagery to assess the biophysical connections/transitions of diverse grazing density and fertility management on a sustainably managed ranch pasture. The specific goals were to (1) examine the effects of two strategies of planned grazing management differing by the density and timing, and four soil fertility treatments on pasture productivity through replicated research, applying related remotely sensed data to investigate the sensitivity/quality of the two sensing platforms for estimating pasture biophysical changes; and (2) to evaluate relationships between digital traits extracted from satellite and UAS data to determine the applicability of different remote sensing platforms in small to medium-sized pasture paddocks for pasture characterization, research, and management.




2. Materials and Methods


2.1. Study Area


The study was established in 2015 in an existing irrigated pasture on a commercial ranch in Cheney, Washington (Figure 1a). The location of the study area (GPS: 47°29′25.2″ N, 117°43′26.6″ W) was on the edge of the semi-arid region leading up to the Selkirk Mountains foothills, and the soil type was gravelly silt loam, with a significant phosphorus deficit. The area has a Mediterranean climate with Köppen’s climatic type of Csb; the summers (mid-June to mid-September) are short and warm with an average maximum temperature of 29–30 °C in July, and winters (mid-November to the end of February) are cold with an average minimum temperature of −4.50 °C in December. The wet season is from late October to early June (maximum precipitation in December at about 83.80 mm average and minimum in July at about 12.70 mm average). The weather data during the research period (2015–2020) was acquired from the National Oceanic and Atmospheric Administration (NOAA)–National Centers for Environmental Information (NECI) of the U.S. Department of Commerce (https://www.ncdc.noaa.gov/cag/; accessed on 20 July 2021) is presented in Figure 1b.



Plant species composition in the study area was evaluated in June 2015 before grazing, which was clearly driven by soil type and moisture. Cheatgrass and drought-tolerant annual forbs dominated with remnant perennial grasses in the drier soil on the eastern side. More mesic soil was found towards the west side (near a wetland) of the study area, where perennial grass and mesic pasture forbs dominated. Dominant species by weight were primarily western wheatgrass, tumble mustard, cheatgrass, and alfalfa.




2.2. Experimental Design and Grazing Methodology


The study area’s experimental design was a strip plot consisting of four replicates (four blocks) and eight treatments over 3.24 ha (Figure 2). Cattle grazing was managed using planned rotational grazing at two different stocking densities: (1) low density (LD); and (2) high density (HD), using an approach referred to as “mob grazing” at high stocking densities of livestock for a short period of time (hours or days). At both livestock densities, cattle were moved into a grazing area with the aid of electrical fences, allowed to graze and trample aboveground forage biomass, and removed. The land was then left ungrazed until the following year [36,37]. These two strategies were overlaid with four soil fertility management to address pre-existing phosphorus and sulfur fertility limitations in this irrigated pasture: control (no fertility supplement), one year aged manure (2800 kg dry manure ha−1, supplying 55 kg ha−1 N, 22.40 kg ha−1 P2O5, 80 kg ha−1 K2O, 8 kg ha−1 S), organic registered phosphorus and sulfur fertilizers (22.40 kg ha−1 S as gypsum and 22.40 kg ha−1 P2O5 as bonemeal), and non-aerated compost tea (supplying 5 kg ha−1 N, 2 kg ha−1 P2O5, 7 kg ha−1 K2O). Fertility treatments were applied annually.



The HD grazing was applied once in June or July each year from 2015 to 2019 when the fields were predominantly covered by forage. Each 0.40 ha HD paddock was separated by electric fencing. Grazing duration in HD was in accordance with mob grazing methodology, using a target utilization level as a trigger of timing to move animals to the next strip [38]. The LD grazing represented a seasonal-sustainable grazing rate from June to September each year. Thus, LD removed approximately 40% of available forage, and HD targeted 80–90% forage removal and trampling at each grazing event, monitored by an experienced rancher’s visual estimation.



Throughout the study, cattle (400–500 kg mature body weight) were used as forage “harvesters” to a targeted level of forage removal for each grazing density in each paddock. The rancher used 100 to 119 animal units (454 kg equivalent live weight (LW) per animal unit) of cattle in HD. All cattle were applied on one 0.40 ha HD paddock at a time for a stock density of 113,000 to 135,000 kg LW ha−1 for 12 h. After all HD paddocks were grazed, two cow-calf pairs or 2.40 animal units grazed all LD paddocks together (1.60 ha), a stock density of approximately 700 kg LW ha−1, for 100 days.




2.3. Image Acquisition


2.3.1. Satellite Imagery


Two remote sensing platforms, satellite, and UAS, were utilized to acquire raw data. Satellite imagery was the PlanetScope Analytic Ortho Scene (Level 3B) provided by Planet Labs Inc. (San Francisco, CA, USA). PlanetScope Dove satellite comprises over 180 CubeSats 3U form factor (10 × 10 × 30 cm) on the constellation having the capability to image all of the Earth’s land surface each day. The ground sampling distance of PlanetScope imagery is 3.70 m at a reference altitude of 475 km, and pixel size is 3 m after the orthorectified process. Ortho scenes are radiometrically-, sensor-, and geometrically-corrected, including atmospherically corrected using the 6S radiative transfer model with ancillary data from the MODIS for surface reflectance 4-band imageries that were utilized in the study (https://www.planet.com/products/planet-imagery/; accessed on 20 July 2021). Images from 2017 to 2019 of cloud-free PlanetScope scenes were acquired on dates before the grazing period and downloaded through the Planet’s Education Research Program (https://api.planet.com; accessed on 20 June 2020). The information about its specific attributes and raw image acquisition date are shown in Table 1.




2.3.2. UAS Imagery


High-resolution UAS imageries were acquired from two quadcopters. DJI-Phantom 4 Pro with an onboard visible camera (DJI Inc., Los Angeles., CA, USA), as described in Table 1, was utilized to collect raw RGB images. Pix4Dcapture (Pix4D S.A., Lausanne, Switzerland) was used for mission planning, such that the images were captured by setting a flight pattern as a single grid with 80% front and 70% side overlap and speed at about 2.50 m s−1. In order to receive good image accuracies, UAS flight altitude was set at 25 m, and images were captured with two missions. The high-resolution RGB imagery was utilized to accurately geolocate/georeference each pasture plot of the multispectral imagery from satellite and UAS sources.



ATI-AgBotTM (Aerial Technology International, Oregon City, OR, USA) mounted with a RedEdge camera (Table 1) (Micasense Inc., Seattle, WA, USA) was employed to capture multispectral images. Similar mission planning with 3 m s−1 UAS speed and 50 m flight altitude using Mission Planner software (http://ardupilot.org/planner; accessed on 20 July 2021) was established. Before each flight, 80 × 50 cm boards that could be seen in the resulting UAS orthomosaic images were placed at each ground control point position to assist in georeferencing process. In addition, a 30 × 30 cm white reference panel having 99% reflectance from RGB to NIR spectral range (Spectralon® Diffuse Reflectance Targets, SRS-99-120, Labsphere Inc., North Sutton, NH, USA) was also placed in the field during image acquisition of both UAS missions for radiometric correction.





2.4. Image Pre-Processing


2.4.1. Pre-Processing on Satellite Imagery


Figure 3 summarizes the satellite imagery pre-processing steps performed utilizing an open-source Python 3 (Python Core Team, 2015) program to fully spatially align and precisely evaluate the pixels or areas transforming through time, as provided in [39]. In this process, AROSICS, the open-source image co-registration software for multi-sensor satellite imagery that uses the Fourier shift theorem to perform intensity-based registration and identify sub-pixel shifts [40], was used. All images in the time series were compared against the first image (reference image), which was the satellite image from 2019, as this image could be georeferenced with the UAS RGB image. Later, the multivariate alteration detection (MAD) algorithm [41] was employed to find invariant pixels between the target (2017 or 2018 satellite image) and the reference image (2019 satellite image) for normalizing the radiometry between the images. The MAD was selected due to its robustness against diverse atmospheric conditions and its appropriateness as a precursor to various normalization techniques.



Based on [39,41], the MAD component images at a no-change probability threshold of 95% were set to select the representing invariant features, which were the highest likelihood pixels and their spectral values. This process, combined with a linear regression approach, was used to generate a transformation between the two radiometries of the reference and target images. Moreover, 65% of invariant pixels were used to train the model, and the remaining were for testing purposes. In order to minimize the residuals and compensate for spectral values offset between the two images, both slope and intercept were automatically adjusted through the algorithm. With the linear regression model, the image appearance was preserved and not over-corrected, which simplified the image/result interpretability. Therefore, utilizing the MAD algorithm, the spatial resolution of the images in the series was maintained, and any parameters on the reference image were transformed to the images in series, but the atmospheric or cross-sensor normalization variation was compensated.




2.4.2. Pre-Processing on Satellite Imagery


Raw RGB and multispectral images from UAS platforms were pre-processed (Figure 3), applying the structure-from-motion software Pix4Dmapper (Pix4D S.A., Lausanne, Switzerland) to derive an orthomosaic image of the study area with 0.62 cm and 3.44 cm spatial resolution, respectively. In the process, the software improved the radiometric quality of the images automatically by considering the scene illumination, reference panel, and sensor specifications to create reflectance imagery. The 2019 surface reflectance images from the satellite and UAS platform were rectified to the correct location between different images using the Georeferencer tool in open-source software QGIS (QGIS.org, 2021, version 3.10.4), similar to those described in [42].





2.5. Image Processing


Vegetation indices (VIs) were constructed utilizing the algorithm created in Python 3 using the Rasterio library (https://rasterio.readthedocs.io/en/latest/#; accessed on 20 July 2021). The satellite images after normalization and multispectral surface reflectance images from UAS after georeferencing were used in this method (Figure 3). The VIs, especially those commonly used in agricultural applications with a potential to estimate pasture productivity or aboveground biomass or yield estimation, were derived (Table 2).



The OSAVI [51] was utilized to estimate a threshold to create a soil mask that was eliminated from each VI image. Then, the polygons defining each pasture study plot were digitized in a *.shp format using QGIS software as it is complex to generate the shapefile using an algorithm because the plots were not of uniform grid pattern (Figure 2). The shapefile of plot segmentation was imported to the created algorithm, and the Python libraries: NumPy (https://numpy.org/; accessed on 20 July 2021) and Rasterstats (https://pythonhosted.org/rasterstats/#; accessed on 20 July 2021) were applied to extract statistical data (maximum, mean, and median) of each VI image from each plot and to export the data in a comma-separated values file format.




2.6. Data Analysis


The effect of grazing density and fertility management on pasture productivity were assessed from all calculated VIs in each year independently and also the comparison between the year of study (2017–2019) using analysis of variance (ANOVA) in R programing language (version 3.2.5, R core Team, 2017). Agricolae (version 1.3-3, ref. [54]) in R was utilized to test the variance in strip-plot design, divided into three parts: horizontal-factor analysis (grazing density), vertical-factor analysis (fertility management), and interaction analysis. Fisher’s least significant difference (LSD) test was followed to compute the significant differences among the mean data (α = 0.05 and adjusting probability value method = Bonferroni). The tests created multiple comparisons of treatments by means of Fisher’s LSD and a grouping of treatments. The analysis method described above was applied for the two datasets—first, the original dataset, the originally extracted VI data from all treatments. Second, the normalized dataset was the original VI data normalizing based on VI data from a no fertility supplement (control) paddock in each block of the study area to minimize the influence of different meteorological conditions each year on the crop growth and development and thus the investigated VI data. Furthermore, the linear relationship of extracted VIs between satellite and UAS imagery was evaluated using Pearson’s correlation analysis.





3. Results


3.1. Pasture Productivity over Time


Satellite and UAS data were acquired before grazing to study the effect of applied treatments on the plots. Figure 4 displayed some of the spatial variability (satellite and UAS) of vegetation indices such as NDVI, EVI2, and MCARI2, representing the pasture productivity from the years 2017–2019. The plot segmentation layer presented the pattern of the pasture productivity in different blocks of treatments changed over the study period. Moreover, the range of VI data from satellite and UAS images was dissimilar, which could be because of the difference in spectral bands, as described in Table 1; however, the patterns of VI spatial distributions were similar.



The digital traits generated for each image demonstrated the highest data values for areas where high pasture productivity occurred as a dark green area. The crop productivity differences in the years 2017 and 2018 were low. However, in 2019, especially as observed from EVI2 and MCARI2 from satellite images, revealed a high vegetation probability of over 40–50% in the HD area. In addition, for UAS data, the VIs map also correspondingly distinguished that 40–50% of HD area had high VI values.



A comparative analysis utilizing box-and-whisker plots of the extracted mean statistic of EVI2 and MCARI2 from the satellite dataset (Figure 5) revealed the applied treatment effects, different treatment comparisons, and pasture productivity trends through the studied time period. Figure 5 demonstrated that the treatments involving 2015 and 2016 did not affect the 2017 pasture productivity data as the mean of the EVI2 and MCARI2 from different treatments (grazing density and fertility management) were consistent and showed low variability. Similar results were observed for the year 2018. Nevertheless, the mean values of EVI2 and MCARI2 from the two datasets (original and normalized) in 2019 revealed the difference in mean values between low and high grazing density. Notably, the mean VI values were most different between LD and HD, where organic phosphorus and sulfur fertilizers had been applied.




3.2. Treatment Effects


ANOVA in both the original and normalized datasets indicated that the grazing density significantly affected the digital traits (VIs) extracted from satellite and UAS imagery in 2019 (Figure 6). In contrast, fertility management and the interaction between both treatments were not significant in 2017–2019, as observed using remote sensing data. However, the extracted median of CIgreen value calculated from satellite data showed a significant interaction of both treatments’ effects (p < 0.10) in the original dataset. In the normalized dataset, especially in UAS data, the fertility management effect was found to be significant from the extracted maximum of GLI (p < 0.05) and also in the extracted median of LAI (p < 0.10) and MSAVI2 (p < 0.10).



The satellite data results revealed that the different grazing densities affected the VIs values (vegetation characteristics) after four seasons (2015–2018) of applying the treatments. Moreover, all selected VIs from both sensing platforms in 2019 from the original dataset displayed similar results, especially from the extracted mean VI data. The VIs showed the potential for observing differences/effects among treatments (at least p < 0.10), excluding GLI from UAS imagery. Correspondingly, the normalized dataset demonstrated the extracted mean and median VI values from the satellite sensing platform, including the extracted maximum (except NDVI and WDRVI) and mean VI values (except CIgreen and WDRVI) from UAS in 2019 could estimate variation in vegetative cover.



The EVI2, LAI, MCARI2, MSAVI2, and OSAVI extracted from satellite and UAS imagery (original dataset) were consistent in differentiating the grazing density effect. The normalized dataset revealed minor differences, especially using median data from UAS imagery. Nevertheless, EVI2, MSAVI2, and OSAVI showed a consistent and high impact from grazing density than other VI data (p < 0.05; excluding the extracted mean VI values from the UAS imagery had p < 0.10). EVI2 and MCARI2 data showing the effect of grazing density are shown in Figure 7. The results demonstrated that the mean of HD was significantly different from LD (both sensing platforms and datasets). This comparison indicated that implementing high grazing density could result in high canopy vigor in pasture systems, as observed from the remote sensing data.




3.3. Correlation between Satellite and UAS Data


The congruence between satellite and UAS imagery for evaluating pasture productivity was investigated on the normalized dataset using mean and median VI values (Figure 8). Pearson correlation coefficients were stable and high (r ≥ 0.75, p < 0.001) between VIs extracted from the two sensing systems, especially CIgreen, MCARI2, and NDVI. Furthermore, the Pearson correlation coefficient of the extracted mean data, except GLI and WDRVI, revealed high correlations (r ≥ 0.78, p < 0.001) between the VIs from satellite and UAS imagery. Given the difference in resolution (3.40 cm for UAS and 3 m for satellite imageries), these findings are encouraging.





4. Discussion


The results from this study indicate that both the satellite and UAS imagery have the potential to assess pasture productivity (based on applied treatments and/or natural variability). The benefits of utilizing satellite imagery over UAS imagery would be the efficient utilization of resources (no equipment/training required to collect data, saved travel time) while capturing data across a larger region/area. One of the key challenges in this study was identifying the treatment areas across the imagery (especially satellite), where the higher resolution UAS imagery was useful. If satellite imagery were utilized for similar studies, ground control points or checkpoints with accurate GPS information on the boundary are recommended for the accurate positioning of the target plots and more straightforward image processing. Nevertheless, the co-registration and normalization during the pre-processing of the satellite images allowed the consolidation of data for the same location and spectral range across the different years in the study. Similar methods can also be deployed for evaluating the long-term evaluation of pasture health using historical data.



Figure 4 shows the higher spatial image resolution of UAS imagery in comparison to satellite imagery. In general, higher resolution imagery (such as UAS imagery) reduces the mixed pixels in the images (contain more pure pixels), resulting in better discrimination between vegetation and soil. Contrarily, the satellite imagery showed some spectral mixing. The mixing of vegetative and soil pixels with a high concentration of organic matter may influence and increase the vegetation index data [51,55], as observed in Figure 7.



The normalization with respect to control treatment was performed to eliminate the effect of different weather conditions across the years. Nevertheless, the results showed similar patterns as observed from the trends in the original and normalized datasets. The location of different paddocks did influence the vegetation development. The drier soil on the east side and the field entrance for the cattle on the northeast side displayed lower vegetation than the west side, which was closer to the wet area, as presented in Figure 4.



This study demonstrated that the high spatial resolution satellite imagery could be used for small to medium pasture field research/management, as the processed images are able to recognize the variation in vegetation growth or crop status. Furthermore, the product offers daily temporal coverage and a viable cost-affordable option in terms of spatial resolution (3 m pixel resolution), thereby allowing the researchers/farmers to check their crop/plant status over time. However, the satellite imagery used in this study did not have a red-edge spectrum that can be utilized to estimate leaves’ chlorophyll content over a canopy [56,57], which may be useful to assess crop stress. More recent images (SuperDove satellites) have 8 spectral bands, including red edge bands.



The two sensing platforms (satellite and UAS) required different image acquisition and processing approaches to get crop information [58,59]. The data acquisition using UAS required travel to the imaging site, planning of the flight mission, and operating the UAS to collect data. The UAS platform can provide high resolution data that can be applied to monitor specific/interested crops and cropping regions, with plausible application of precision agriculture technologies. In contrast, satellite imagery acquisition and operation are more established than the UAS, where the imaging can be tasked through prior arrangement with the satellite imagery providing company. The database of satellite images is also vast, and historical data can be acquired for several agricultural applications, including the study of variability and changes in the cropping areas and overall health, as presented in this study.



Progress in remote sensing technology from both sensors and platforms (satellite and UAS) provides considerable benefits to pasture/grassland science. The production of grassland in terms of spatial and temporal patterns has been evaluated using vegetation indices extracted from the sensing imagery [60,61,62]. In addition, vegetation indices integrated with ground-truth data have been used to develop empirical models for estimating the productivity/biomass on pastures [63,64,65,66]. The most utilized remote sensing data for pasture management for large grassland areas were from satellite sources such as Formosat-2, Lansat, MODIS, and Sentinel-1. The applications included classification, detection, and analysis of applied management practices such as mowing, grazing, or a combination of the two operations [67,68,69,70,71]. Thus, with the capability of high-resolution satellite imagery (as used in this study), pasture research/management in small to medium areas can be a suitable application.




5. Conclusions


This research paper presents the application of vegetation indices extracted from satellite and UAS imagery for assessing crop status/vigor of a small to medium pasture under different grazing density and fertility management. The major findings can be summarized below.




	
The high-resolution satellite imagery (~3 m pixel−1 in this study)—with radiometric calibration and atmospheric correction—can be used to assess overall crop productivity in small to medium-sized pasture paddocks (8–10 ha in this study). The remote sensing data showed an effect of the grazing density on crop productivity (2019), while the effects of the fertility treatments and the interaction between the two treatments were absent.



	
Satellite and UAS-based vegetation indices (mean) showed a similar trend as evaluated using 2019 data.








These results offer great benefits to farmers, ranchers, and researchers alike as pasture management can be investigated and evaluated using sensing data. These tools can be resource-efficient, allowing short and long-term assessment of crop health and productivity.
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Figure 1. Location and weather data of the study area (a) the study location in Cheney, WA, United States, and (b) monthly meteorological data of Spokane County in Washington State, US, from January 2015 to December 2020 acquired from NOAA–NECI. 
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Figure 2. Experimental design of the study area consisted of two different grazing managements: LD—low density and HD—high density with four soil fertility management: N—no fertility supplement (control), M—partially-aged manure, P—organic forms of phosphorus, and sulfur fertilizers, and C—non-aerated compost tea. 
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Figure 3. Image processing pipeline used to process both satellite and UAS imagery. 
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Figure 4. Vegetation index maps of the study area constructed from satellite (2017–2019) and UAS (2019) imagery. 
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Figure 5. Box-and-whisker plots of extracted mean statistical VI data, EVI2 and MCARI2, created from satellite images from 2017 to 2019 to represent the pasture productivity changing on different grazing intensities and fertility management over the study period between original data and normalized data. 
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Figure 6. Grazing density effects on VI data extracted from satellite and UAS imagery. F: main effect from fertility management; I: interaction effect from grazing density and fertility management. 
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Figure 7. Effects of grazing density on the mean EVI2 and MCARI2 data extracted from satellite and UAS imagery in 2019. Different letters above each bar indicate statistically different means between grazing density treatments (p < 0.05, except the normalized data of UAS imagery p < 0.10; ANOVA; Fisher’s LSD test). 
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Figure 8. Scatter plots demonstrating the relationship of the extracted VI values from satellite and UAS sensing platforms in 2019 (a) mean data and (b) median data. 
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Table 1. Parameters and information for sensors applied in the study.
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	Parameter/Sensor
	PlanetScope (Level 3B)
	DJI Phantom 4 Pro
	RedEdge





	Type
	Multispectral
	Visible (RGB 1)
	Multispectral



	Platform
	Satellite
	UAS
	UAS



	Spatial resolution
	3 m
	0.62 cm 2
	3.44 cm 3



	Spectral band (nm)
	Blue: 455–515

Green: 500–590

Red: 590–670

NIR: 780–860
	Blue, Green, and Red: 390~700
	Blue: 475 ± 10

Green: 560 ± 10

Red: 668 ± 5

Red Edge: 717 ± 5

NIR 4: 840 ± 20



	Acquisition date
	5 June 2017

8 June 2018

28 May 2019
	28 May 2019
	28 May 2019







1 RGB: Red-Green-Blue spectral bands; 2 Raw images were acquired at 25 m UAS flight altitude; 3 Raw images were acquired at 50 m UAS flight altitude; 4 NIR: Near-Infrared.
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Table 2. Summary of vegetation indices that were extracted in the study.
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Vegetation Index

	
Formulation

	
Ref.






	
Chlorophyll Index Green

	
CIgreen

	
     N I R   G r e e n   − 1   

	
[43]




	
Enhanced Vegetation Index 2

	
EVI2

	
     2.5 ×   N I R − R e d     1 + N I R +   2.4 × R e d       

	
[44]




	
Green Leaf Index

	
GLI

	
     2 × G r e e n − R e d − B l u e   2 × G r e e n + R e d + B l u e     

	
[45]




	
Green Normalized Difference Vegetation Index

	
GNDVI

	
     N I R − G r e e n   N I R + G r e e n     

	
[46]




	
Leaf Area Index

	
LAI

	
   3.618 × E V  I    1   − 0.118   

	
[47]




	
Modified Chlorophyll Absorption Ratio Index 2

	
MCARI2

	
     1.5 ×     2.5 ×   N I R − R e d     −   1.3 ×   N I R − G r e e n               2 × N I R + 1     2     −   6 × N I R − 5 ×   R e d     − 0.5       

	
[48]




	
Modified Soil Adjusted Vegetation Index 2

	
MSAVI2

	
     2 × N I R + 1 −       2 × N I R + 1    2  − ( 8 ×   N I R − R e d      2    

	
[49]




	
Normalized Difference Vegetation Index

	
NDVI

	
     N I R − R e d   N I R + R e d     

	
[50]




	
Optimized Soil Adjusted Vegetation Index

	
OSAVI

	
     N I R − R e d   N I R + R e d + 0.16     

	
[51]




	
Wide Dynamic Range Vegetation Index

	
WDRVI

	
     b × N I R − R e d   b × N I R + R e d   ; b = 0.15   

	
[52]








1 EVI: Enhanced Vegetation Index =   2.5 ×   N I R − R e d   N I R +   6 × R e d   −   7.5 × B l u e   + 1    , ref. [53].
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