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Abstract


Canopy coverage and plant height are the main crop canopy parameters, which can obviously reflect the growth status of crops on the field. The ability to identify canopy coverage and plant height quickly is critical for farmers or breeders to arrange their working schedule. In precision agriculture, choosing the opportunity and amount of farm inputs is the critical part, which will improve the yield and decrease the cost. The potato canopy coverage and plant height were quickly extracted, which could be used to estimate the spraying volume using the evaluation model obtained by indoor tests. The vegetation index approach was used to extract potato canopy coverage, and the color point cloud data method at different height rates was formed to estimate the plant height of potato at different growth stages. The original data were collected using a low-cost UAV, which was mounted on a high-resolution RGB camera. Then, the Structure from Motion (SFM) algorithm was used to extract the 3D point cloud from ordered images that could form a digital orthophoto model (DOM) and sparse point cloud. The results show that the vegetation index-based method could accurately estimate canopy coverage. Among EXG, EXR, RGBVI, GLI, and CIVE, EXG achieved the best adaptability in different test plots. Point cloud data could be used to estimate plant height, but when the potato coverage rate was low, potato canopy point cloud data underwent rarefaction; in the vigorous growth period, the estimated value was substantially connected with the measured value (R2 = 0.94). The relationship between the coverage area of spraying on potato canopy and canopy coverage was measured indoors to form the model. The results revealed that the model could estimate the dose accurately (R2 = 0.878). Therefore, combining agronomic factors with data extracted from the UAV RGB image had the ability to predict the field spraying volume.
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1. Introduction


1.1. Background and Motivation


Potato (Solanum tuberosum) is a staple food [1] and a high-value crop that is one of the highest-producing crops among staple foods. To reach the demand for high-yielding crops, it requires an adequate amount of fertilizer to be grown and sufficient agrochemicals in controlling pests and diseases. Both under- or over-fertilization and pesticide use cause trouble with the economic benefits as fertilizers and pesticides can all be provided by way of spraying, and the arrangement of the spraying schedule is dependent on the situation of the potato plant. In precision agriculture, the farm inputs were decided by the crop data from the field condition, which included crop growth state, pests, and different diseases, but farmers often took precautions or routine measures for field management that would cause inefficient use or overuse of pesticides [2]. For these reasons, a reasonable dosage management and spraying schedule is needed to ensure control of inputs while obtaining a higher yield.




1.2. Related Work


Previous studies have proved that the estimation of spraying volume was determined by the canopy parameters, and the estimation method on the tree was Tree Row Volume (TRV), which was based on a standard crop spraying volume to estimate the united surface of the tree canopy volume [3]. Another method used in vineyards is called Unit Canopy Row (URV), which was somewhat simpler than TRV, and both of these methods were appropriate for the stable canopy size or shape [4]. Some other studies tried to spray different volumes on the plants and determined the spraying volume by the spray deposition effect, which becomes troublesome when the crop canopy changes. Therefore, efficient evaluation of canopy parameters of potato was particularly important for field management [5].



The development of the measurement method has generally been divided into four kinds, including visual estimation, sampling, calculation by instrument, and remote sensing [6,7]. The field measurement method, including visual estimation and sampling, was inefficient and the accuracy was greatly affected by detectors. Sensing technologies used for crop growth information and agricultural monitoring include sensing devices mounted on satellites, airplanes, or unmanned aerial vehicles (UAVs) and tractors [8]. Satellite-based remote sensing technology is capable of monitoring large areas at once and has made great developments in recent years, particularly with the introduction of low-orbit satellites equipped with high-resolution cameras. Despite this, it typically is lacking in the spatial resolution required for precise and thorough canopy information in small plots. Satellites are very easily influenced by cloud covering and data collection in specific periods [9]. Remote sensing based on unmanned aerial vehicle (UAV) technology has been widely applied in several industries, including agriculture [10,11], forestry [12], and resource exploration [13,14]. Because the flight height of UAVs is less than 3 km, this remote sensing is classified as low-altitude remote sensing technology, which is unaffected by climatic factors in image acquisition, and it also has the advantage of low expense, high resolution, and ease of operation, all of which are unmatched with traditional remote sensing technologies [15]. The grayscale or color photos obtained by UAV equipment employing digital cameras were utilized to assess crop height, leaf angle distribution, lodging, and leaf color, among other things [16,17,18]. RGB sensors allow for not only visual evaluation of the sampled area, but also assessment of plant development features such as leaf color, plant height, canopy coverage, and 3D canopy structure utilizing point cloud data. A Structure from Motion (SfM) approach has been used to examine plant growth and development using photographs obtained by UAV remote sensing. [19]. In the monitoring of crop growth process, UAV remote sensing technology has also played a role. Qiu et al. [20] demonstrated a link between multi-stage vegetation indices extracted from UAV data and rice growth stage indicators for accurate rice production management. Jin et al. [21] developed a method for plant density estimation in wheat crops based on UAV imagery. Li et al. [22] proposed a method for assessing potato crop development at the emergence stage by using UAV images. This brief review showed that UAV remote sensing had the potential for crop growth information and canopy parameter monitoring. Thus, it is critical to assess the feasibility of utilizing an RGB sensor to estimate crop canopy coverage, which may then be used to alter the spraying amount in cereal crops.



In order to estimate spraying volume through canopy parameters, the parameters must be rapidly and accurately obtained. Canopy parameters such as canopy coverage and plant height most obviously reflect crop growth, which was traditionally measured by hand. Canopy coverage [23,24] is an important characteristic that could qualitatively reflect the growing trend of potato plant populations; therefore, studying the canopy coverage of potatoes was of great significance in increasing yield and improving field management [25]. Canopy coverage refers to the ratio of the vertical projection of plant canopy in the observation area and total soil area. Canopy coverage is an indicator of agronomy and ecology [26], and the traditional measurements have been time-consuming in the past. To obtain the canopy coverage in the images, non-canopy pixels should be removed to reduce the impact on estimation accuracy. The vegetation index method could easily enhance the plant canopy and distinguish crops from the background or other interferences. Many studies have indicated that the vegetation index method based on RGB images extracting canopy coverage obtained similar results with a vegetation index calculated from multispectral cameras [27]. Plant height is a critical agronomic and phenotypic trait of crops, and it has a close relationship with canopy coverage [28]. Traditional rulers have been used to measure plant height, although this approach is impractical and vulnerable to human error. Plant height might be measured using color point cloud data produced by the SfM algorithm, depending on the advancement of photogrammetric techniques, computer vision methods, and 3D point cloud. The point cloud data at different heights from the ground were utilized to estimate the plant height, which could achieve a higher accuracy [29].




1.3. Contribution


Because of the close links between canopy coverage, plant height, and plant development and agronomic processes [30,31], canopy coverage and plant height are essential agronomy variables in field management. Canopy coverage has been employed as a biophysical indicator of a crop’s potential to intercept radiation [32], as well as to estimate the quantity of spray solution collected by plants [33]. Farmers frequently adjust the spraying volume based on the stage of growth of the potato plant, supposing that the canopy coverage has risen over the season. The hypothesis in this study was that the canopy coverage and plant height can be used to evaluate the spraying volume for potato plants. The innovation of this study lies in: (1) obtaining the canopy coverage and plant height by using UAV-based RGB images; (2) evaluating the relationship between canopy coverage and the spraying volume for potato plants; and (3) developing an equation that uses canopy coverage and plant height to calculate an ideal spraying volume that will obtain the best deposition in each layer of the potato crop.





2. Data and Methods


2.1. Data and Test Site


The field tests were conducted from 12 to 21 April 2022 in Changsha County, the experimental base of the Hunan Academy of Agricultural Science (Figure 1), and Changsha, Hunan Province of South China. The experiment base is in a humid subtropical monsoon climate area with a mean annual temperature of 17.5 °C and mean annual precipitation of 1368 mm. The rainy season is between March and June, and the weather needs to be checked when the test is carried out because the field photos need to be obtained on a sunny day.




2.2. Acquisition and Pretreatment of Imagery


An RGB camera was mounted on a UAV platform (a four-rotor unmanned aerial vehicle Mavic air, produced by DJI (https://www.dji.com/cn, accessed on 24 October 2019), which is portable and has steady flying characteristics that are suitable for field testing). Specifications for UAV and the camera are shown in Table 1. From 12 to 21 April 2022, all UAV operations were conducted in test plots under steady ambient light conditions (between 10:00–12:00). The UAV was flown at a height of 30 m, and the flying mission was programmed using an app called Pix4Dcapture (Pix4Inc., Prilly, Switzerland, https://www.pix4d.com, accessed on 24 October 2019). Because of the size of the test plot, the double grid model (Figure 2) of the plan mission was selected, which could fly closer to objects to capture more vertical details. After preprocessing, stitching, and ortho correction by Pix4Dmapper (Pix4Inc., Prilly, Switzerland, https://www.pix4d.com, accessed on 24 October 2019), the potato field orthophotos and point cloud data of the test plots were obtained.




2.3. Canopy Coverage and Plant Height Extraction


Before the process of segmentation of canopy coverage and background, the vegetation index was calculated to highlight the canopy pixels in an image. The maximum between-class variance method (Otsu) [34] was used, which could automatically calculate and select the threshold to realize image binarization. Then, the noise of the binary image was reduced, and the number of potato pixels was obtained in the research area. According to the spectral characteristics of the vegetation, the R, G, and B channels of the visible light image were calculated to make the vegetation more prominent in the image, and threshold segmentation would achieve better separation of vegetation coverage. The commonly used vegetation index [35] was selected, and the calculation formulas are shown below:


  E X G = 2 G − R − B ,  



(1)






  E X R = 1.4 R − G ,    



(2)






  R G B V I =  (   R 2  − R × B  )  /  (   G 2  − R × B  )  ,  



(3)






  C I V E = 0.441 R − 0.881 G + 0.385 B + 18.787 ,  



(4)






  G L I =  (   (  G − R  )  +  (  G − B  )   )  /  (  2 G + R + B  )  ,  



(5)




R, G, and B are the brightness levels of the image’s red, green, and blue channels.



After the process of the vegetation index method and segmentation, the canopy coverage could be calculated by the ratio of plant pixels and total pixels.



The potato plant height was determined using the point cloud method, and point cloud data were retrieved by Pix4Dmapper (Pix4Inc., Prilly, Switzerland, https://www.pix4d.com, accessed on 24 October 2019); Cowell F. et al. (2021) [8] provided a full processing sequence. Figure 3 shows the point cloud data from different regions of the test plots that reflect different heights of the potato canopy. For comparison, terrestrial data were acquired on the same day as UAV data. In randomly selected plots, plant height was measured proximally with a ruler. The highest contract point of the plant was recorded for each of the ten plants in the test plot. The results were compared to the plant height calculated using UAV data.




2.4. Evaluation of the Spraying Application Volume


The five spraying application volumes (0.48 mL, 0.96 mL, 1.44 mL, 1.92 mL, and 2.4 mL) were sprayed on the potato canopy using a vertical spraying boom sprayer. Spraying was performed using Teejet TVK-4, and the sprayer was adjusted to the different volumes by changing the opening time of the electromagnetic valve, which was controlled by a PLC. The test was launched in an indoor environment to avoid the influence of environmental factors.



An artificial sample approach was used to assess the droplet deposition on the leaves of potato plants. The sampling paper was Mylar card, which is the most sensitive collector to represent the droplet density [36]. The collection cards were 3 cm wide and 5 cm long, and they were stuck on the leaves of potatoes before the test began. Using a flatbed scanner C100 (WinMageInc, Beijing, China), individual collectors were scanned into the computer. The images were analyzed by ImageJ software (ImageJ 1.52a, Wayne Rasband, NIH, Bethesda, MD, USA). The background region of the sprayed collector picture was eliminated, and the image was converted to binary mode, which renders the image black and white and allows coverage to be assessed [37]. To determine the total number of droplets on the collector, the droplet number density was estimated using ImageJ’s particle analysis algorithm [38]. This figure was multiplied by 15 (the area in cm2 of each collector) to find the droplets’ cm−2.




2.5. Evaluation Method


Regression analysis is a statistical tool for examining the statistical connection between a dependent variable and one or more independent variables. Its major role is to apply an acceptable approach to produce parameters with statistical properties, such as the intercept and slope in a linear regression. Using data from the 2021 indoor test, linear aggression models were utilized to assess the link between canopy coverage and spraying volume. The canopy coverage data from the test plot field were used to estimate the spraying volume in field conditions. The coefficient of determination (R2) was used to quantify the performance of spraying volume model functions. The significance of the difference in potato canopy coverage and plant height among the tests was analyzed by Pearson correlation coefficient. The value of the correlation coefficient is usually between around −1 and 1, and when the absolute value is between 0.8 and 1, that proved a significant correlation of the data.





3. Results


3.1. Relationship between Different Types of Vegetation Index Methods in Estimated Canopy Coverage


By obtaining the potato image information of different experimental plots, the vegetation index method was used to extract the canopy coverage of potato. The extraction results show that EXG was suitable for different plots and densities and had a good extraction effect. Compared with other vegetation indexes, the extraction effect of EXR was similar to that of EXG, and the R2 was up to 0.99 (shown in Figure 4). However, when threshold segmentation was carried out, different channel information in RGB stack mode could obtain different coverage extraction effects, while in Lab mode, the extraction effect of different vegetation indexes varies greatly, which indicated that selecting appropriate color space was beneficial to improving the image segmentation effect.




3.2. Relationship between the Measured and Estimated Plant Height


The plant height measured from the field was compared with the point cloud data based on UAV imaging. To estimate the plant height, the maximum height of the point cloud based on RGB images was employed, and all of the point cloud data are given in Figure 5.



Figure 6 depicts the link between measured and estimated plant height. When test plot 1 was shot, it was already in a closed state, and the field coverage had reached the maximum amount that could obtain sufficient plant height point cloud data. The estimated plant height at the highest point, 90% and 85%, had a high correlation with the measured value. The minimum R2 was 0.812 and the maximum was 0.8912, indicating that the dense point cloud plant height estimation for shrub crops was accurate. In test plot 2, the potato plant height is low, and there is no closure on each row of potatoes. At that time, the obtained plant height point cloud data were lower, and the correlation between the estimated plant height and the measured value at the highest point, 90% and 85%, is low. The minimum R2 is 0.4729, and the maximum is 0.7229 at 85%. This shows that more plant height point cloud data can be obtained at 85% below the top of the canopy under the condition of unenclosed plants. At this time, the point cloud data at 85% can be used for plant height estimation, which is also in line with the situation of the top of the crop at this time. In test plot 3, the potato is in the middle stage of growth, the canopy coverage is about 70%, and the sealing has not been completed. At the highest position of the point cloud, the estimated value of plant height has the best correlation with the predicted value, R2 is 0.9445, and R2 is 0.8962 at 85%, indicating that the crop top cover is relatively dense during this growing period, and a relatively sufficient canopy top point cloud can be collected. The data provided the possibility for plant height estimation. Therefore, color point cloud data from the UAV RGB camera can be utilized to determine the potato plant height at different growth stages. When the canopy coverage is less than 20%, the quality of the point cloud data must be improved to produce better estimation results. There was a strong correlation between measured plant height and estimated plant height using the color point cloud approach, according to the linear regression model. In plot 1, plot 2, and plot 3, the R2 of the measured and estimated values were 0.89, 0.72 and 0.94, respectively.




3.3. Relationship between Canopy Coverage and Spraying Volume


The most significant droplet deposition coverage occurred when the highest spraying volume was used. The largest numbers of droplets were collected by artificial collectors at the top of the canopy when canopy coverage area and spraying volume increased (Figure 7). The droplet deposition coverage at the top of the potato canopy was over half of the total deposition coverage, and it showed that crop canopy coverage would determine the spraying volume and droplet deposition inside the canopy.



From the relationship between the sampler coverage rate (the sampling area divided by canopy coverage area) and coverage area of droplets (Figure 8), it is indicated that the spraying volume and coverage area followed the exponential model, which was fitted to an exponential increase model of the form:


  q = Q  e  c  (   S t   )     



(6)




where q is spraying volume at the canopy coverage area, Q is the initial spraying volume, c is the coefficient, and St is the top of canopy coverage area.





4. Discussion


4.1. Estimation of Canopy Coverage and Plant Height


The RGB camera-based UAV remote sensing platform is convenient and cost-effective, and it has great application potential in estimating canopy coverage [39] and plant height [40]. It has been successfully applied to many crops, including maize, wheat, and rice. The vegetation index method is commonly used to extract crop canopy coverage from photographs, and different vegetation indexes have varying impacts on vegetation extraction. EXG, EXR and other regularly used vegetation indices have been utilized to extract the canopy coverage of cotton [41] and wheat [42] with improved extraction accuracy. To investigate changes in canopy coverage throughout growth stages, EXG, EXR, and RGBVI were used to extract potato canopy coverage, with EXG achieving higher extraction accuracy in all three experimental plots, demonstrating that EXG has strong adaptability. As a result, the extraction findings of vegetation indices such as CIVE and GLI deviate significantly from EXG.



The point cloud approach was employed in this work to assess potato plant height. The results indicated that the height of the highest point cloud, 90%, and 85% on the three test plots produced distinct results. The 90% height of the point cloud was the optimal height for plant height extraction when the canopy coverage was more than 90%. When the canopy coverage was 70~80%, the highest point cloud was the best height for plant height extraction; when canopy coverage was 20~40%, the optimal height for plant height extraction was 85% height of the point cloud. This result differs slightly from wheat and maize plant height point cloud estimate results. The difference in canopy structure between potato and wheat and maize might be the explanation. In the early stages of development, there are few stems and leaves at the top of the canopy, and the distribution of point clouds at the top is sparse. The top of the plant is ringed by stems and leaves when the structure is finished, providing a dense canopy cover. The dispersion of point clouds grows thicker at this point, making plant height estimation easier.




4.2. Estimation of Spraying Volume


The estimation of spraying amount is usually based on the amount per hectare, and the crop row [43] and canopy volume [4] are often used as estimation units. During the growing phase, however, crops such as potatoes, rice, and wheat exhibit significant changes in the canopy. Varied canopy shapes will be generated based on different agronomic requirements, affecting spray volume estimation and droplet deposition effects. This research investigates the relationship model between canopy droplet coverage and canopy area when the canopy area varies, and estimates are based on this dosage, using the coverage of droplets in the canopy of potato plants under varied spraying volumes. The results revealed that they are comparable to those obtained by Rojo [44]. Therefore, canopy coverage may be used to predict crop row and plot area application rates, and the droplets in the total canopy structure can also be connected to canopy coverage.





5. Conclusions


This study proved that potato canopy coverage could be quickly extracted from the images obtained by UAV, and the color point cloud data from images by SfM algorithm could be used to estimate plant height. Rapidly and accurately obtaining canopy parameters was successfully achieved to estimate the spraying volume on the potato plants. Specific findings include:




	(1)

	
EXG was suitable for potato canopy coverage extraction, and compared with other vegetation indices, such as EXR, RGBVI, GLI, and CIVE, the EXR and RGBVI had similar results to EXG (R2 = 0.98). However, under different color spaces, the correlation decreased to 0.68 for RGBVI, which showed that color space was another influencing factor for extracting canopy coverage.




	(2)

	
Plant height of potato was estimated by color point data from images based on UAV. The estimated height and measured height received different correlations when different point cloud height percentages were used. The max point cloud height achieved higher R2 (0.89 and 0.94) in plot 1 and plot 3 when the canopy coverage was more that 70%; the 90% point cloud height was slight worse (R2 = 0.84 and 0.89); the 85% point cloud height achieved a lower R2 in plot 1 and plot 3, but obtained higher R2 (0.72) in plot 2, which also needs to be improved.




	(3)

	
The spraying volume was positively correlated with canopy parameters, such as canopy coverage and plant height. The droplet coverage rate and the canopy coverage follow exponential models, with the highest correlation (R2 = 0.87) at the spraying volume of 0.1 s and 0.5 s, which showed that the spraying volume can be estimated by canopy coverage.









With the development of precision agriculture, crop field management and agricultural inputs need to be quantified. It is especially important to achieve rapid and real-time collection of crop information. The key to enhancing precision agriculture is to obtain crop growth statistics, define the schedule of field management, and predict the quantity of herbicides and fertilizers.
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Figure 1. Overview of the testing sites. 






Figure 1. Overview of the testing sites.



[image: Sustainability 14 06473 g001]







[image: Sustainability 14 06473 g002a][image: Sustainability 14 06473 g002b] 





Figure 2. UAV image collection. (a,b) is the flight planning mission in Pix4Dcapture: (a) is the start of the mission, and (b) is the end of the mission. 
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Figure 3. The point cloud data at different test plot at Z coordinate. (a) shows the point cloud of canopy height in test plot 1; (b) shows the point cloud of canopy height in test plot 2; (c) shows the point cloud of canopy height in test plot 3. 
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Figure 4. Relationship between different types of vegetation indices and test plots. (a) uses the Lab stack model; (b) uses the RGB stack model. 
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Figure 5. Overall point cloud data of test plots. (a) shows the overall point cloud of canopy height in test plot 1; (b) shows the overall point cloud of canopy height in test plot 2; (c) shows the overall point cloud of canopy height in test plot 3. 
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Figure 6. Relationship between measured and estimated plant height. (a) shows the results in test plot 1; (b) shows the results in test plot 2; (c) shows the results in test plot 3. 
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Figure 7. Droplet deposition at different parts of potato canopy. The sampler position was from the top of canopy to the inside. No. 7 was at the top of canopy, and No. 1 was at the lowest petiole of potato. 
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Figure 8. Relationship between coverage area of droplets and sampling area rate on canopy coverage. 
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Table 1. UAV parameters.
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	Technical Name
	Parameter





	Drone name
	DJI Mavic Air



	Takeoff weight
	430 g



	Dimensions (length × width × height)
	168 mm × 184 mm × 64 mm



	Image sensor
	1/2.3 inch, 12 million pixels



	Lens focal length
	24 mm



	Maximum photo size
	4056 × 3040 pixels



	Single flight duration
	21 min
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