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Abstract

:

Tillering fertilization is an important part of field management in rice production. As the first peak fertilizer requirement period of rice, tillering fertilization directly affects the number of tillers and the growth of rice in the middle and late stages. In order to investigate a method of constructing an accurate fertilizer prescription map in the tillering stage using an unmanned aerial vehicle (UAV) remote sensing nitrogen demand diagnosis and reduce the amount of chemical fertilizer while ensuring the rice yield, this study realized the diagnosis of the rice nitrogen nutrient demand using UAV hyperspectral remote sensing during the tilling stage fertilization window. The results showed that the fertilizer amount was determined using the characteristic waveband and remote sensing. The results showed that five rice hyperspectral variables were extracted in the range of 450–950 nm by the feature band selection and feature extraction for the inversion of rice nitrogen content, and the inversion model of rice nitrogen content constructed by the whale-optimized extreme learning machine (WOA-ELM) was better than that constructed by the whale-optimized extreme learning machine (ELM). The model coefficient of determination was 0.899 and the prescription map variable fertilizer application method based on the nitrogen content inversion results reduced the nitrogen fertilizer by 23.21%. The results of the study can provide data and a model basis for precise variable fertilizer tracking by agricultural drones in the cold rice tillering stage.
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1. Introduction


Rice is one of the most important staple crops in the world and the northeast region of China is the main rice production area [1]. The northeast region of China is known as the cold region due to the regional environmental climate changes, and there are obvious differences in the rice cultivation patterns and field management patterns of rice cultivation between this region and other regions [2,3,4,5]. The cold region rice cultivation climate is characterized by low temperatures in early spring, low temperatures and soil temperatures after rice transplanting, and a slow release of nutrients so extra root fertilization is required during the critical fertility period to ensure the final yield and quality [6]. It is also the first fertilizer requirement peak in the growth cycle of rice and the fertilization effect directly affects the number of tillers and the growth in the middle and later stages [7,8]. Excessive fertilization during the tillering stage is likely to increase the ineffective tiller rate and shade the overlapping leaves, whereas the high nitrogen content of the leaves is likely to prevent the transfer of nitrogen metabolism to carbon metabolism, which can prolong nutritional growth, delay the spike stage, and increase the risk of collapse and disease, all of which are not conducive to a stable rice yield [9].



In recent years, the use of agricultural drones for precision fertilizer tracking operations during rice production has been increasingly applied, improving operational efficiency while also reducing farmers’ labor intensity and lowering labor costs [10].



By comparing the droplet uniformity and droplet deposition density under different flight speeds and spray rates of spraying UAVs in paddy fertilizer application operations, Muhammad et al. [11] found that the best spraying effect was achieved when the UAV maintained a low flight speed (2 m/s) with a spray rate of 3.00 L/min, which also provided a basis for determining the optimal operating parameters of the UAV spraying system. Cancan et al. [12] proposed a variable speed fertilizer control system for a UAV-mounted granular fertilizer spreader based on variable-rate technology and the control system could quickly and accurately respond to changes in the target discharge rate, and in a field experiment based on prescription diagrams, Shi et al. [13] found that the error was less than 6.07%. To investigate the effect of spraying a UAV downwash field on plant shape, rice was observed under different flight parameters generated by the UAV. The degree of deformation under the downwash field generated by the different flight parameters of the UAV [14] was closely related to the maximum speed of the downwash field, followed by the flight speed and height; when the maximum wind speed was less than 3 m/s, the downwash field had no significant effect on the plant shape of the induced rice; To investigate the interaction between the rice canopy and the drone wind field, Li et al. [15] collected vertical wind speed data at different heights of the rice canopy using wind speed sensors and found that the vertical wind field formed by the decaying airflow among rice plants was stratified. The lower the height, the greater the reduction, which provides a theoretical basis for the study of the penetration rate of rice canopy droplets and pollination parameters.



Most of the existing rice UAV fertilizer-tracking operations rely on the experience of managers in fertilizer-tracking decisions and lack an effective basis for fertilizer-tracking decisions. With the rapid development of UAV low-altitude remote sensing technology, researchers have carried out research into rice nutrition using UAV remote sensing diagnosis [16,17]. By evaluating the effectiveness of multiple background-effect removal methods in a UAV multispectral rice nitrogen concentration monitoring study, Wang et al. [18] found that the abundance-adjusted vegetation index approach could be refined with a higher number of endmembers and automated endmember extraction and further evaluated for assessing the effect of separating the sunlit components from the shaded components of the canopy. James et al. [19] tried using commercial-scale imagery acquired from airplanes to evaluate a number of nitrogen-uptake modeling methodologies. It was concluded that the machine learning model using multiple remote sensing features predicted the rice N content better than the traditional vegetation index regression method with a root mean square error (RMSE) of 22.9 kg/ha. Shi et al. [20] estimated the dry weight, leaf area index, and nitrogen accumulation of the rice canopy by obtaining RGB images of the canopy and concluded that the regression model based on the random forest algorithm had the best accuracy and generalization ability [21].



At present, most of the research on rice UAV precision fertilizer chasing focuses on nitrogen nutrient detection and there is a lack of research and application examples of combining nutrient diagnosis with UAV precision spraying. In addition, it is difficult to directly guide rice field management with the established rice nutrient detection model. Therefore, this study combines the remote sensing diagnosis of a rice tillering fertilizer-chasing drone with the precision fertilizer-chasing feature of agricultural drones, uses the hyperspectral technology of drones to establish the prescription map of rice tillering fertilizer chasing, and on this basis, combines the parameters of an agricultural drone operation to rasterize the plots to be chased and form the spraying map of the fertilizer-chasing operation, and finally carries out precision fertilizer chasing using plant-protection drones to provide the rice-tillering drone precision variable. It also provides a foundation for the data and model and a reference basis for the rice tillering period.




2. Materials and Methods


2.1. Study Area and Experimental Details


The experiments were conducted in June−September 2021 at the precision agriculture aerial research base of Shenyang Agricultural University, Gengzhuang Town, Haicheng City, Liaoning Province (40°58′45.39″ N, 122°43′47.0064″ E), and the test variety was “Shennong 9816”. There were five nitrogen (N) fertilizer gradient treatments in the test field: N0, N1, N2, N3, and N4, which were shown in Figure 1. N3 was the local standard N application rate; the N4 and N2 experimental application rates were increased and decreased by 25% of N3, and the N1 rate was decreased by 50% of N3. The five different N application rates were N0 (without N), N1 (100 kg/ha), N2 (150 kg/ha), N3 (200 kg/ha), and N4 (250 kg/ha). Each treatment was replicated four times for a total of 15 test plots. The mass fractions of the total N and quick-acting N in 0–0.5 m tillage soil in the test field were 154 and 104.032 mg/kg, respectively, and the rest of the field was managed under high-yield cultivation. Data were collected at the rejuvenation, tillering, and tasseling stages (as shown in Table 1).




2.2. Data Collection


The UAV hyperspectral platform was the M600 PRO six-rotor UAV (SZ DJI Technology Co. Ltd., China) and the hyperspectral imager was the GaiaSky-mini built-in push-sweep airborne hyperspectral imaging system (Sichuan Shuangli Hepu Technology Co. Ltd., China). The band range of the hyperspectral data was 400–1000 nm, the resolution was 3 nm, the number of influential bands was 253, and the flying height of the UAV was 100 m. Due to the large water layer in the rice field during the tillering period, if the traditional hyperspectral acquisition time is used, it will be interfered with by specular reflection and other interference, causing spectral pollution. Therefore, in order to obtain better data quality, the UAV hyperspectral data acquisition time was selected as between 08:00 and 08:30 in this study, and in order to minimize the measurement error of the hyperspectral images due to the change in the solar altitude angle, the hyperspectral imager was used for the acquisition of white standard-version (reflectance >99%) and instrument-background noise spectral data every 5 min, which was applied to the later hyperspectral calibration of reflectance. Meanwhile, a 1.5 m × 1.5 m diffuse reflectance plate with 60% reflectance was placed in each hyperspectral acquisition area for later reflection data calibration.



For each plot in the sampling point, rice was sampled destructively from the entire hole and then brought back to the laboratory. Then, all the fresh leaves of rice in that hole were cut off and placed in an oven at 120 °C for 60 min and then dried at 65 °C to a constant amount. After weighing and crushing, the ground powder was tested for nitrogen content (mg/g) of the leaves using the Kjeldahl method. At harvest, a 2 m × 2 m area of rice was taken from each test plot and the thousand-grain weight and seed yield were measured.




2.3. UAV Hyperspectral Remote Sensing Image Unmixing


The spatial and spectral resolutions of the UAV hyperspectral remote sensing images were relatively high, whereas the rice fields were not yet closed at the tillering stage, and a scene of hyperspectral images includes both rice and disturbance feature information such as water bodies and soil so it is necessary to unmix the UAV hyperspectral remote sensing images and extract rice hyperspectral information for subsequent modeling [22]. In this study, the minimum noise fraction rotation (MNF) method was first used to separate the noise from the data to reduce the computational effort of the subsequent processing [23]. Then, the hyperspectral reflectance curves belonging to rice were extracted from the UAV remote sensing images using the Pixel Purity Index (PPI) method [24], and a feature end-element Popper library was constructed. Finally, the hyperspectral information of rice was extracted by unmixing the UAV hyperspectral remote sensing images using the orthogonal subspace projection method.




2.4. Hyperspectral Remote Sensing Modeling Method for Nitrogen Content of Rice


Hyperspectral data have continuous characteristics in the spectral dimension compared with broadband multispectral data, which can characterize more rice information. At the same time, hyperspectral data also contain a large amount of redundant information, which can cause a reduction in the modeling accuracy and efficiency. In this study, the successive projections algorithm (SPA) combined with red-edge reflectance was used to reduce the dimensionality of the hyperspectral information in the range of 400 nm to 1000 nm [25]. The dimensionality-reduced data were used as the input to the hyperspectral inversion model of nitrogen concentration for the extreme learning machine (ELM) and the whale-optimized extreme learning machine (WOA-ELM) [26].




2.5. UAV Remote Sensing Rice Fertilization Decision and Prescription Map Generation Method


In this study, a production standard field was set as a reference standard in the experimental area according to the field management plan given by rice cultivation experts, the average nitrogen concentration of rice in the standard field in the same period was taken as the target of nitrogen chasing and recorded as    N  s t d    , and the inverse value of the nitrogen concentration of rice to be chased was recorded as    N r   . Then the diagnosis of nitrogen deficiency in rice at the tillering stage was


   N x  =  N  s t d   −  N r   



(1)







   N x    is the amount of nitrogen deficiency per unit area at the location to be fertilized. When    N r     > 0, it indicates that the nitrogen content at the current location is lower than the nitrogen value of the reference field and external spraying of follow-up fertilizer is required. When    N r    ≤ 0, it indicates that the location should not be externally sprayed with follow-up fertilizer at present.



After obtaining the nitrogen deficiency amount per unit area of rice, it is necessary to convert the nitrogen deficiency amount into a prescription map to be able to guide the agricultural drones to carry out accurate fertilizer-chasing operations. Since the hyperspectral remote sensing image of a UAV contains a hyperspectral reflectance curve at each pixel point, a fertilizer-chasing amount can be generated for each pixel point using a hyperspectral remote sensing image. Therefore, this study combines the spraying width (w) and speed (v) of the plant protection drone to grid the fertilizer plots per second and generates a nitrogen fertilizer amount for each grid.


  A G N =    N x  × n ×  B  s t d   ×  C  s t d     k × u ×  C x       











In the above equation, n is the nitrogen fertilizer concentration (mg/mL) in the UAV tank,    B  s t d     is the above-ground biomass of rice within a single raster area of a standard field (w × v);    C  s t d     and    C x    are the rice cover within the raster area of the standard field and the field to be fertilized, respectively; k is the fertilizer utilization rate; u is the fertilizer conversion rate; and u and k are empirical values. Through a literature analysis in this study, u was set to 0.6 and k was set to 0.4 [27].




2.6. Agricultural UAV Fertilizer-Chasing Variable Spraying and Effect Evaluation


Differential GPS technology was used to determine the actual position of each chasing grid in the chasing field and the process identification (PID) algorithm was used to achieve variable spraying by controlling the pulse width modulation (PWM) signal of the liquid medicine pump. During the spraying process of the plant protection drone, the fog droplet test cards were arranged on the ground at the same time to calculate parameters such as the fog droplet coverage as an evaluation of the variable chasing effect of the agricultural drone rice tillering stage.





3. Results and Analysis


3.1. Hyperspectral Image Unmixing Results of Rice Tillering Stage


Rice UAV hyperspectral remote sensing image extraction requires the separation of rice from water bodies [28]. Since rice fields are covered with a water layer during the tillering period, the interior of the rice fields mainly consists of two kinds of features, namely rice and the soil mixture of water bodies. The rest of the disturbance features account for very little so this study mainly focused on the extraction of hyperspectral images of the above two kinds of features and extracted the hyperspectral end-element images of the rice fields using the minimum noise separation and pure image element index methods [29,30]. Among them, the minimum noise fraction (MNF) rotation was mainly used to determine the effective data dimension in the hyperspectral images. The forward MNF transformation was used in this paper (Figure 2), and it can be seen from the results that the MNF rotation was essentially a dimensionality reduction process; five band features were extracted from the remote sensing images obtained in this study after the MNF transformation. The extraction results are shown in Figure 2.



Some sunlight is reflected when it hits the water layer and some is reflected by the soil below after passing through the water layer, which eventually forms a mixed spectrum of both. Due to the practical needs of cultivation management in the tillering stage of paddy fields, the soil is completely covered by water and there is no pure soil or pure water, so this study sets the mixed state of water and soil as one type of feature.



In this study, the support vector machine classification method [31] was used with 176 bands as inputs and the region of interest consisted of 320 pixel points for the water and soil mixture, 221 pixel points for rice, and the sample separation of the two regions of interest was 2.0. The hyperspectral information of rice was extracted from the UAV hyperspectral images, as shown in Figure 3b, with red representing rice and blue representing the soil–water mixture.




3.2. Hyperspectral Extraction of Rice at Tilling Stage


In this study, the hyperspectral range of 400 nm~1000 nm acquired by the UAV hyperspectral images was first segmented and then feature extraction was performed separately using SPA. The segmentation results are shown in Figure 4 In this study, the hyperspectral range was divided into five segments, which were 400 nm~500 nm, 500 nm~600 nm, 600 nm~690 nm, 690 nm~760 nm, and 760 nm~1000 nm. In the range of 690 nm~760 nm, the reflectance of the red edge of the hyperspectral range was extracted as a feature. The remaining four bands were extracted using the SPA method and five hyperspectral features were extracted in the range of 400 nm~1000 nm. The characteristic bands were 430 nm, 500 nm, 680 nm 707 nm, and 996 nm.




3.3. WOA-ELM Inversion Model for Nitrogen Content of Rice


The extracted five rice hyperspectral feature covariates were used as the ELM and WOA-ELM model inputs to establish the nitrogen content inversion model. Through repeated experiments, the model parameters of the WOA optimization algorithm were set as follows: the maximum number of iterations was 50, the initial number of populations was 45, and the number of hidden layers was 10. The results of the inversion model of rice nitrogen content using the WOA-ELM inversion method were better than the inversion effect using ELM alone, with an R2 of 0.899 and an RMSE of 0.271 (Figure 5).




3.4. Rice Fertilization Prescription Map Generation for Agricultural UAVs


A UAV fertilizer-chasing operation needs to consider parameters such as the flight speed and spray width of agricultural drones, as well as the response time of the spreading system. Since the UAV hyperspectral remote sensing image is continuous information in a two-dimensional space, each pixel point can invert a fertilizer-chasing volume. In the actual operation, the agricultural UAV granular-fertilizer-spreading operation system cannot target each pixel point for the direct spraying operation. A raster segmentation of the hyperspectral remote sensing image inversion results is required. Meanwhile, since water exists in the field for most of the time during the mid-growth stage of rice, this study generated the agricultural UAV fertilizer-chasing operation prescription map with the minimum unit of the field and combined the differential GPS information to form an agricultural UAV-variable fertilizer-chasing prescription map (Figure 6).




3.5. Evaluation of Fertilizer Chasing and Spraying Effect by Agricultural UAVs


In this study, 20 fertilizer granule collection buckets were set up in the field, as shown in Figure 7. The white markers in the paddy field are the granule fertilizer recovery buckets set up for this study and the results are shown in Figure 8, where the amount of fertilizer collected in the buckets is converted into standard units by combining the cross-sectional areas of the recovery buckets.



From the effect of the spreading and recovery of agricultural UAV granular fertilizer, the difference between the actual spreading amount of the UAV granular fertilizer and the spreading amount on the prescription map was small. The error value of each plot did not exceed 4.3% and the RMSE between the two was 0.0841. The reason for such a result is due to the joint influence of multiple factors such as the wind field and system delay during the operation of the agricultural UAV spreading system, but the overall difference between the deposition effect and the tracking amount given in the prescription map was not great. The actual fertilizer application is shown in Table 2 and after removing control area 9, the ratio of the total actual fertilizer application to the standard fertilizer application was calculated. The results yielded a 24.76% reduction in the amount of nitrogen fertilizer chasing compared to traditional manual fertilization.





4. Discussion and Conclusions


This paper attempts to use UAV hyperspectral remote sensing technology to obtain the nitrogen deficit status in rice fields to assist in the generation of fertilizer application prescription maps, thus realizing the technical linkage of “accurate monitoring—accurate fertilizer application”, which provides a new idea and solution for accurate fertilizer application by UAVs. It provides a new idea and solution for UAV precision fertilization.



The nitrogen deficit is calculated based on the nitrogen content of the reference field managed by the expert recommendation program, which can avoid errors caused by factors such as variety and climate, is more relevant and convincing, and is easier to implement in actual production than in empirical calculations. The hyperspectral inversion model of nitrogen content was well constructed using the extreme learning machine method optimized using the whale optimization algorithm, with a model coefficient of determination R2 of 0.899. The nitrogen content (Nr), field standard N content (Nstd), nitrogen fertilizer concentration (n), rice above-ground biomass (Bstd), rice cover (Cstd, Cx), fertilizer utilization rate (k), conversion rate (u), and other indicators were combined with the area to be fertilized to construct an agricultural drone decision model AGN and generate the fertilizer-chasing prescription map. The experimental results showed that the granular fertilizer-spreading error was small and the final fertilizer application was reduced better than when using a traditional manual fertilizer application. In addition, the chasing amount was reduced by 24.76%, indicating that precise fertilization according to the actual nitrogen fertilizer demand in the rice field had a positive effect on reducing fertilizer use.



The conversion process between the rice N deficit and the actual fertilizer application is complicated and a simple calculation based on the absorption rate will have some errors. In addition, the monitoring of the N content adopts a machine learning method and there is a possibility of poor generalization. The prescription map is generated by the units of the field and the fertilizer application amount does not change according to the different rice-growth conditions in the field and the granular fertilizer application. The process of granular fertilizer application is also affected by problems such as the wind field and system delay. In the future, we will conduct in-depth research on the estimation of the nitrogen deficit and a precise fertilizer-tracking method. In addition, we will further optimize the method of fertilizer prescription map generation and granular fertilizer application control systems while exploring a more practical and mechanistic method of nitrogen deficit estimation in order to improve the final tracking accuracy.
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Figure 1. Location map of test site. 
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Figure 2. Extraction of the end-element hyperspectral image of the rice fields: (a) MNF rotation to determine spectral feature dimensions; (b) terrestrial end-element hyperspectral image. 
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Figure 3. Terrestrial end-element hyperspectral images: (a) Original hyperspectral images; (b) Hyperspectral unmixing results. 
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Figure 4. Rice hyperspectral reflectivity segment. 
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Figure 5. Inverse modeling of nitrogen content of rice. 
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Figure 6. Fertilizer prescription chart for agricultural drones. 
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Figure 7. Fertilizer granule collection method. 
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Figure 8. Comparison of the actual spreading amount of granular fertilizer and the spreading amount of the prescription chart. 
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Table 1. The key test time nodes.
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	Time
	Rice Growth Period
	Test Contents





	12 May 2021
	
	Sampling of arable soil



	25 May 2021
	Transplanting
	



	11 June 2021
	Tillering stage
	Remote sensing decision of topdressing UAV



	12 June 2021
	Tillering stage
	Precise variable topdressing of plant protection UAV



	20 October 2021
	Mature period
	Yield measurement



	2 November 2019
	
	Sampling of arable soil










[image: Table] 





Table 2. Actual fertilizer chasing in each area.
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	Subdivision Number
	First Fertilization Amount

/kg·ha−2
	Second Fertilization Amount

/kg·ha−2
	Third Fertilization Amount

/kg·ha−2
	Actual Total Fertilizer Application

/kg·ha−2
	Standard Fertilizer Application

/kg·ha−2





	1
	0
	0
	106.5
	106.5
	200



	2
	40
	10
	87.9
	137.9
	200



	3
	60
	15
	109.6
	184.6
	200



	4
	80
	20
	101.8
	201.8
	200



	5
	80
	20
	87.4
	187.4
	200



	6
	60
	15
	92.8
	167.8
	200



	7
	40
	10
	78.2
	128.2
	200



	8
	0
	0
	94.1
	94.1
	200



	9
	0
	0
	0
	0
	0



	10
	40
	10
	82.5
	132.5
	200



	11
	60
	15
	89.1
	164.1
	200



	Total
	460
	115
	929.9
	1504.9
	2000
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