

  land-10-00321




land-10-00321







Land 2021, 10(3), 321; doi:10.3390/land10030321




Article



Application of Drone and WorldView-4 Satellite Data in Mapping and Monitoring Grazing Land Cover and Pasture Quality: Pre- and Post-Flooding



Clement E. Akumu *, Eze O. Amadi and Samuel Dennis





Department of Agricultural and Environmental Sciences, College of Agriculture, Tennessee State University, Nashville, TN 37209, USA









*



Correspondence: aclemen1@tnstate.edu; Tel.: +1-615-963-5616; Fax: +1-615-963-7798







Academic Editor: Kirsten de Beurs



Received: 18 February 2021 / Accepted: 17 March 2021 / Published: 20 March 2021



Abstract

:

Frequent flooding worldwide, especially in grazing environments, requires mapping and monitoring grazing land cover and pasture quality to support land management. Although drones, satellite, and machine learning technologies can be used to map land cover and pasture quality, there have been limited applications in grazing land environments, especially monitoring land cover change and pasture quality pre- and post-flood events. The use of high spatial resolution drone and satellite data such as WorldView-4 can provide effective mapping and monitoring in grazing land environments. The aim of this study was to utilize high spatial resolution drone and WorldView-4 satellite data to map and monitor grazing land cover change and pasture quality pre-and post-flooding. The grazing land cover was mapped pre-flooding using WorldView-4 satellite data and post-flooding using real-time drone data. The machine learning Random Forest classification algorithm was used to delineate land cover types and the normalized difference vegetation index (NDVI) was used to monitor pasture quality. This study found a seven percent (7%) increase in pasture cover and a one hundred percent (100%) increase in pasture quality post-flooding. The drone and WorldView-4 satellite data were useful to detect grazing land cover change at a finer scale.
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1. Introduction


Flooding is becoming a frequent event in grazing land environments, especially with the changing climate. The response of grazing land cover to flooding events is complex and could be depended on several factors such as duration of flooding, plant species present, stand age, pasture vigor, stage of plant species development, and temperature [1,2]. For example, flooding that consists of standing water can be more harmful to grazing land cover such as pasture than flood moving water. This is because oxygen uptake during flood events by plant roots is severely restricted in standing water relative to moving water. Furthermore, standing water can also reduce the nutrient uptake of plants thereby affecting pasture quality [3]. In addition, during a standing flood event, sediment deposit increases, and this can suffocate plants thereby leading to a substantial loss in grazing land cover [2]. High-velocity flood water can also cause erosion, uproot trees, destroy natural levees, and affect vegetation cover thereby being a driving force of land cover and land-use change [4].



The use of high spatial resolution remotely sensed data from drones and satellites such as WorldView-4 can provide effective mapping and monitoring of grazing land environments. This is because high-resolution drones and satellites have the capability of capturing images at a finer scale. Furthermore, real-time drone images can be easily acquired over grazing land areas in less time. In addition, drones and satellite data are increasingly becoming less costly relative to field surveys for the mapping and monitoring of grazing land cover and pasture quality. Moreover, a plant’s vigor and health in grazing land environment can be easily monitored using drones and satellite vegetation indices including the normalized difference vegetation index (NDVI). The NDVI is a widely used vegetation quality index that is computed as the difference between near-infrared (NIR) and red reflectance divided by their sum [5,6]. The plant chlorophyll, which is a vital health indicator, strongly absorbs the visible red light of the electromagnetic spectrum, and the cellular structure of the leaves strongly reflects the near-infrared light. When the plant becomes stress through dehydration, lack of nutrients, and afflicted with diseases, the leaf structure deteriorates and the plant absorbs more of the near-infrared light rather than reflecting it. Therefore, examining how the near-infrared light changes relative to red light from plants in a multispectral remotely sensed image provides a better indication of the presence of chlorophyll which correlates with plant health and quality [6].



Some recent studies have used drones and WorldView series satellite data in mapping and monitoring grazing land environments [7,8,9,10,11]. Wiesmair et al. [9] used multispectral WorldView-2 satellite data to monitor vegetation cover in pasture grassland. Their vegetation cover map using WorldView-2 satellite data showed large areas of grassland degradation. Furthermore, Romoelo et al. [11] monitored pasture nutrients as indicators of rangeland quality using WorldView-2 satellite data. They found WorldView-2 spectral vegetation indices as useful variables in monitoring vegetation nutrients in grazing land environments. In addition, Michez et al. [8] mapped and monitored biomass in grazing land environments using drones. They found drones to be useful in grazing land cover mapping and characterizing pasture conditions.



Other studies have used NDVI as a measure of pasture quality and health [12,13,14]. Falldorf et al. [12] used NDVI and other vegetation indices to predict the quality of winter pastures for reindeer and caribou in the circumpolar region. They found NDVI useful to improve species’ management and conservation. Furthermore, Ndungu et al. [14] utilized NDVI as a measure in monitoring the quality and changes in vegetation and evaluating proxies for drought conditions in Kenyan rangelands. In addition, NDVI has also been used to estimate above-ground biomass in pastures [15,16,17,18]. For example, Theau et al. [15] used green NDVI in a regression prediction model to estimate the biomass of a pasture. Furthermore, Meshesha et al. [16] developed a relationship between NDVI and field plot datasets of above-ground biomass in pastures to estimate spatial aboveground rangeland biomass. They found NDVI useful in the estimation of aboveground forage biomass.



In addition to remotely sensed data and derived indices in pasture monitoring, machine learning technology applications for unmanned aerial vehicles (UAVs) in land cover and pasture quality mapping have also been utilized [19,20,21,22,23]. For example, Sandino et al. [20] used machine learning algorithms and drones to monitor invasive grasses and vegetation in remote arid lands. They detected and generated a pixel-wise segmentation of invasive grasses, using buffel grass (Cenchrus ciliaris) and spinifex (Triodia sp.) as examples. They found an individual detection rate of 97% for buffel grass and 96% for spinifex, with a global multiclass pixel-wise detection rate of 97%. However, this study did not monitor the quality of invasive grasses. Furthermore, Barnetson et al. [23] used drones and machine learning-based predictive models to map pasture quantity (biomass) and quality as the proportions of key pasture nutrients, across a selected range of field sites throughout the rangelands of Queensland. They found machine learning techniques useful to efficiently and accurately map pasture yield and quality at the field site scale.



Although drones, WorldView series satellite data, NDVI, and machine learning technology applications have been used in land cover and pasture quality mapping, there has been limited application in monitoring grazing land cover types and pasture quality pre-and post-flooding, especially in Tennessee. For example, do grazing land cover types and pasture quality change pre- and post-flooding events? This study aims to map and monitor grazing land cover and pasture quality pre- and post-flooding that occurred from 21st to the 26th of February, 2019, in Middle Tennessee, United States.




2. Materials and Methods


2.1. Study Area


This study area is located in Cheatham County, middle Tennessee (Figure 1). The county seat is Ashland City and is part of the Nashville-Davidson-Murfreesboro-Franklin, Tennessee Metropolitan Statistical area [24]. The grazing land location is close to the Cumberland River and is prone to flooding with an elevation of about 120 m above sea level. It is one of Tennessee State University’s farmland and beef cattle research stations with more than 10 dexter cattle grazing on the land. The cattle grazing pattern on the land is non-rotational.




2.2. Climate


The middle Tennessee region has a modest climatic condition with cool winter and warm summers [25]. The mean annual temperature in the region is 78 °F (26 °C) in summer and around 41 °F (5 °C) in winter. The yearly precipitation is about 51 inches (1300 mm) and is generally distributed evenly throughout the seasons [25]. The maximum monthly average precipitation (approximately 5.51 inches) usually occurs in the month of May and the minimum monthly average precipitation (about 3.03 inches) generally occurs in October [26]. Middle Tennessee generally experiences flooding from excessive rainfall that forces the Cumberland River and several others to go over their banks.




2.3. Geology, Soil, and Hydrology


The study area consists of a combination of gentle and highland terrains [25]. The highlands usually have acidic soils that are heavily leached, whereas the surrounding central basin is underlain by Ordovician limestone and has alkaline soils [27]. The gentle terrain and highlands are occasionally cut across by major rivers such as the Cumberland River which flows southwards [27]. The soil type in the grazing land environment is Melvin silt loam, which is frequently flooded [28]. It is a very deep, nearly level, and poorly drained soil along the Cumberland River. The soil surface layer (0–10 inches) is brown silt loam that has reddish-brown and grayish brown mottles. The soil has a moderate permeability and high available water capacity. Many of the streams in the region have been channelized to enhance drainage of adjacent wetlands for agricultural purposes. This has led to increasing downstream deposition of sediment thereby contributing to downstream flooding [29]. For example, in 2019, excessive rainfall occurred in Middle Tennessee that caused flooding and standing water that covered on average about 75% of the study area from 21st to the 26th of February 2019 (Figure 2). The standing water occupied about 100% of the area on 21st and 24th of February 2019; around 50% of the area on 25th of February and approximately 20% of the area on 26th of February 2019.





3. Methodology


3.1. Mapping and Monitoring of Grazing Land Cover and Pasture Quality


The approach of mapping and monitoring grazing land cover pre- and post-flooding mainly involved the pre-processing, classification, and mapping of grazing land cover types using WorldView-4 satellite and drone data (Figure 3). The monitoring of pasture quality pre-and post-flooding was carried out using NDVI.




3.2. WorldView-4 Satellite Data


A scene of WorldView-4 satellite data covering the study area acquired on 17th November 2018 was used to map grazing land cover types pre-flooding. The WorldView-4 satellite data has a multispectral spatial resolution of 1.24 m and four spectral bands (blue, green, red, near-infrared), and a panchromatic band. The pre-processing of the WorldView-4 satellite data involved radiometric correction, geometric correction, resampling, and co-registration with drone aerial images. The radiometric calibration requires the correction of image pixel values for sun elevation angle variation and image calibration to account for sensor degradation over time. The changes in sensor calibration factors will obscure real changes on the ground [30]. The radiometric calibration was carried out by the conversion of digital number (DN) to at-surface reflectance using Equations (1) and (2) [31]. The geometric correction was carried out using greater than 50 ground control points and a root mean square (RMS) value of lower than 1 pixel. Furthermore, the 1.24 m spatial resolution WorldView-4 satellite imagery was resampled to an 8 cm image and co-registered to the 8 cm spatial resolution drone image.




3.3. Conversion of DN to Radiance


The top-of-atmosphere radiance, L, in units of W μm−1 m−2 sr−1, is generated by converting from DN using Equation (1) [31].


L = GAIN * DN (abscalefactor/effectivebandwidth) + OFFSET



(1)




where;



the DN is the pixel value found in the imagery,



the abscalefactor and effectivebandwidth are delivered in the imagery metadata for each band,



the GAIN = 1, and OFFSET = 0, represented the absolute radiometric calibration band dependent adjustment factors [31].




3.4. Conversion of Radiance to Top-of-Atmosphere Reflectance


The top-of-atmosphere radiance is transformed to top-of-atmosphere reflectance using Equation (2) [31].


RTOA = (π × L × d2)/(ESUNi × cos (z))



(2)




where;



RTOA = top-of-atmosphere reflectance



L = top-of-atmosphere radiance



π = ≈3.14159



ESUNi = the mean solar exoatmospheric irradiance for each band



d = the earth-sun distance, in astronomical units,



z = solar zenith angle (zenith angle = 90—solar elevation angle from IMD file).




3.5. Drone Data


The drone aerial images were acquired post-flooding on 23rd of April 2019 using a Phantom 4-Pro drone with MicaSense RedEdge-M multispectral camera system onboard. The drone was flown at 100 m altitude and with a speed of 3 m/s using the Drone Deploy application. The MicaSense RedEdge-M multispectral camera system captures images in the five spectral bands i.e., blue, green, red, near-infrared, and RedEdge. The MicaSense RedEdge-M camera was triggered to take an image every 2 s and more than a thousand images with a spatial resolution of 8 cm were acquired. The camera was connected to a global positioning system (GPS) data and a downwelling light sensor (DLS). The GPS data was made available to the camera to allow the RedEdge-M camera system to properly geotag images and self-trigger. The downwelling light sensor is a 5-band incident light sensor that measures the ambient light during a flight for each of the five bands of the camera and records the information to the metadata of the Tag Image File Format (TIFF)F images captured by the camera. This information can be used to correct global lighting changes during flights such as clouds covering the sun. The captured drone images were pre-processed by mosaicking, geometric correction, radiometric correction, and co-registration. The drone images were geotagged and automatically mosaicked in Pix4d mapper version 4.5. The radiometric correction was performed by using calibrated reflectance panel images acquired before and after each flight to generate reflectance drone images. Furthermore, geometric correction was carried out using greater than 50 ground control points and an RMS value of lower than 1 pixel. The mosaicked drone imagery was co-registered with the resampled 8 cm WorldView-4 satellite image.




3.6. Grazing Land Cover Classification and Pasture Quality Monitoring


The top-of-atmosphere reflectance images of the WorldView-4 satellite and drone data were used to generate pasture NDVI as an indicator of pasture quality pre- and post-flooding. The NDVI was generated using Equation (3) [30].


NDVI = (Near-Infrared − Red)/(Near-Infrared + Red)



(3)







The grazing land cover was classified and mapped using the top-of-atmosphere reflectance images of WorldView-4 satellite and drone platforms. The spectral bands 1–4 of WorldView-4 and spectral bands 1–5 of the MicaSense RedEdge-M camera onboard Phantom 4-Pro drone were used in the classification and mapping of grazing land cover. Supervised classification was performed using the machine learning Random Forest classification algorithm with digitized polygons (training data) of grazing land cover types. The default number of training samples was set at 5000 and the number of trees was set at 10. This algorithm was selected because the Random Forest classifier consists of a combination of tree classifiers where each classifier is generated using a random vector sampled independently from the input vector, and each tree casts a unit vote for the most popular class to classify an input vector [32]. Furthermore, the machine learning Random Forest classification algorithm has been found to outperform other machine learning classification algorithms such as support vector machines in land cover mapping [33,34]. The minimum mapping unit of the grazing land cover map was 1 m2. The grazing land cover map generated post-flooding was validated to examine how well the classified map represented grazing land cover on the ground. This was carried out by randomly selecting about 50-points of classes on the generated map and comparing them to classes on the ground and Google Earth Pro. The acquisition date of Google Earth Pro images was in May of 2019 and was relevant for accuracy assessment. This is because it was of the same season as the post-flooding drone images used in this study. The overall accuracy was computed by dividing the sum of the correct diagonal values in the error matrix table with the sum of all pixels in the error matrix table [30]. The kappa value was also computed using the method described by Mather and Koch [30]. Furthermore, using the confusion matrix values (Table 1), the widely used metrics of precision, recall, and F-score [35] were calculated to evaluate the performance of the Random Forest classification algorithm in mapping grazing land cover. The precision was calculated using Equation (4); recall using Equation (5); and F-score using Equation (6) [35,36].


  P r e c i s i o n   =     T P   T P   +   F P    



(4)






  R e c a l l   =     T P   T P   +   F N    



(5)




where;



TP = True Positive



FP = False Positive



FN = False Negative.


  F - S c o r e   =     2   ×   P r e c i s i o n   ×   R e c a l l   P r e c i s i o n   +   R e c a l l    



(6)







The grazing land cover maps were converted from raster to vector in Geographic Information System (GIS)for further analyses.





4. Results and Discussion


4.1. Grazing Land Cover Mapping


The grazing land cover consisted of pasture and bare ground (Figure 4 and Figure 5). The bare land represented exposed land with silt loam soil that consisted of less than 5% of the vegetation. In contrast, pasture represented vegetated areas covered by more than 5% of the vegetation. The pasture was dominated by tall fescue grass and covered an area of about 3 hectares pre-flooding. This represented about 90% of the study area. The bare ground covered an area of about 0.3 hectares pre-flooding and represented about 10% of the study area. The area covered by pasture was approximately 3.2 hectares post-flooding. The area covered by bare ground was about 0.1 hectares post-flooding. The pasture area increased by about 7% post-flooding whereas the bare ground area decreased by about 65% post-flooding. The increase in pasture post-flooding implies the vegetation was tolerant to flooding and the flood event likely stimulated vegetation growth and expansion. Furthermore, the pasture was dominated by tall fescue plants and has been found to be resilient to flooding [37,38]. In addition, the drone images were taken more than 3 weeks after flooding occurred and that likely provided recovery time for the pasture vegetation to expand. The increase in pasture cover post-flooding is similar to the findings of Mansour [39]. The decrease in bare ground post-flooding occurred predominantly south of the study area as detected by the drone data. The high spatial resolution drone and WorldView-4 satellite data successfully detected changes in grazing land cover that will likely not detected using moderate resolution remotely sensed data such as Landsat Operational Land Imager (OLI).



The overall accuracy of the grazing land cover map derived using a drone was about 96% (Table 1). The kappa statistic was approximately 0.86 and there was a very good correlation between the remotely sensed classified map and the grazing land cover on the ground. This is because kappa values of 0.75 and above indicate a very good correlation and kappa values below 0.4 are considered poor correlation, assuming the data are randomly sampled from a multinomial distribution with a large sample size [40]. Similarly, the F-score that measures the test accuracy of the classification was about 0.97 and was closed to its best value of 1.



The mean user’s accuracy, which demonstrates how well the classified grazing land cover types on the map actually represented land cover on the ground, was about 8% lower than the mean producer’s accuracy, which determines the ability of the Random Forest algorithm to generate grazing land cover.




4.2. Pasture Quality


The NDVI values of the pasture in the study area ranged from 0.1 to 0.8 pre- and post-flooding (Figure 6 and Figure 7). The mean NDVI ± standard deviation (SD) of the pasture was about 0.3 ± 0.1 pre-flooding (Figure 8). The pasture mean NDVI ± SD was about 0.6 ± 0.1 post-flooding (Figure 8). The pasture mean NDVI increased by about 100% post-flooding. This implies the flooding that occurred in the study area likely improved pasture plant health and vigor. This is because flooding provides soil moisture needed for plant germination and growth. This finding is similar to a recent study that found flooding to increase plant germination and vegetation quality [39]. However, the seasons when the drone and WorldView-4 satellite images were captured may have also contributed to the change in pasture quality. For example, the cooler Fall condition pre-flooding likely caused dormancy in the pasture vegetation resulting in the lower NDVI values, whereas the warmer Spring condition post-flooding likely stimulated pasture vegetation growth and the higher NDVI values [41]. The different seasons of data collection were due to a lack of cloud-free high spatial resolution remotely sensed data for the study area of the same season. This is a limitation of this study. However, the remotely sensed data used in this study have successfully detected the grazing land cover change and pasture quality pre- and post-flooding at a finer scale. Further study will examine this pasture quality and cover at previous years and of the same seasons when no flooding occurred to suppose if the significant change in pasture quality and cover in this study can be attributed sorely to flooding or seasonal effects. Nonetheless, this study has provided a new account of grazing land cover change and pasture quality pre- and post-flooding event in sub-tropical environment. The high post-flooding pasture NDVI values found in this study are similar to the results of Sims and Colloff [42] that found a 19% increase in NDVI values of vegetation post-flooding in the semi-arid floodplain (Paroo River Wetlands) in Australia.



Although high spatial resolution drone and WorldView-4 satellite data have been used to map and monitor grazing land cover types and pasture quality in this study, there are some limitations in using these datasets. For example, the availability of cloud-free WorldView-4 satellite data is a limiting factor and with the recent WoldView-4 satellite malfunction in 2019, there is likely limited acquisition of WorldView-4 satellite data globally. Furthermore, although real-time drone data can be easily acquired, the flying of drones has altitude restrictions and is weather-dependent. Nonetheless, high spatial resolution drone and WorldView-4 satellite data can be used to map and monitor grazing land cover at a finer scale not likely detected using moderate spatial resolution remote sensing data.





5. Conclusions


The high spatial resolution drone and WorldView-4 satellite data used in this study have proven successful in mapping and monitoring grazing land cover change and pasture quality pre- and post-flooding. The grazing land cover classes were produced with overall mapping accuracy of about 96%. The pasture cover and quality were found to increase significantly post-flooding relative to pre-flooding. The seasonal changes in remotely sensed data acquisition likely contributed to the change in grazing land cover and pasture quality pre- and post-flooding. Furthermore, the flooding that covered about 75% of the study area likely also contributed to the increase in pasture cover and quality in the study area. However, further study is required to examine the grazing land cover and pasture quality in previous years when flooding did not occur to assume flooding is the main contributing factor to the change in pasture quality and land cover change. This is an area of further research.



However, as high spatial resolution drone and satellite data are increasingly becoming cheaper worldwide, it is relevant to utilize these datasets for mapping and monitoring in grazing environments to support land management.
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Figure 1. The location of the study area showing a drone aerial image of the grazing land area. 
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Figure 2. Drone image of standing flood water occupying on average about 75% of the study area from 21st to the 26th of February 2019. 
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Figure 3. A schematic representation of the methodology. 
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Figure 4. Pre-flooding grazing land cover. 
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Figure 5. Post-flooding grazing land cover. 
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Figure 6. Pasture normalized difference vegetation index (NDVI) pre-flooding. 
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Figure 7. Pasture NDVI post-flooding. 
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Figure 8. Mean pasture NDVI pre- and post-flooding. Error bars represented standard deviation (SD) of the mean. 
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Table 1. Error matrix table of post-flooding grazing land cover classes.






Table 1. Error matrix table of post-flooding grazing land cover classes.





	
Classes

	
Pasture

	
Bare Ground

	
Total




	
Reference




	
Pasture

	
40

	
0

	
40




	
Bare ground

	
2

	
8

	
10




	
Total

	
42

	
8

	
50




	

	
User

Accuracy (%)

	
Producer

Accuracy (%)

	
Overall

Accuracy (%)

	
Kappa F-Acore




	
Pasture

	
100

	
95

	

	




	
Bare ground

	
80

	
100

	

	




	
Overall, kappa, and

F-score

	

	

	
96

	
0.86 0.97
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