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Abstract: Scientific use of pesticides can not only improve the effective utilization rate, but also reduce environmental 
pollution.  As an important index to evaluate the effective utilization of pesticides, it is very important to measure the 
deposition of pesticides on crop surface quickly and accurately.  Compared with the traditional manual sampling or sensor 
detection methods, the linear relationship model between the operating parameters such as flight speed, total flow rate of nozzle, 
spray volume per mu, spray amplitude and pesticide deposition by collecting spray parameters of UAV for plant protection was 
proposed, and the spray deposition of different parts of the wheat was predicted.  Comparing with the collected samples data, 
the predicted results of the model shows that the intelligent algorithm is feasible and effective.  It can provide an important 
basis for reducing pesticide application and further achieving precision spraying. 
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1  Introduction  

Although China is a large agricultural country, its per capita 
cultivated land area is lower than the world average level due to its 
population ranking first in the world[1,2].  In order to prevent the 
damage of diseases and insect pests on crops and ensure the yield 
of crops, pesticides and chemical fertilizers have been widely used 
in agricultural production.  Excessive use of pesticides and 
fertilizers not only destroys the ecological balance, but also is not 
conducive to the sustainable development of agriculture[3-6].  In 
order to effectively solve this problem, the government issued the 
plan for zero growth of pesticide use by 2020 on February 17, 2015, 
aiming to improve the effective utilization rate of pesticides, reduce 
agricultural production costs, protect the natural environment and 
promote the sustainable development of ecological environment [7]. 

In the process of agricultural production, the effect of pesticide 
deposition, as an important index to evaluate the efficiency of 
pesticide use, has become an important index value that must be 
collected to promote green agricultural production[8-13].  
Traditional detection methods of pesticide deposition amount 
include elution method and water sensitive paper method.  This 
method mainly measures the deposition amount after spraying 
operation.  Although the detection accuracy of this method is high, 
it cannot provide the deposition amount data in real time during the 
operation process, resulting in uneven spraying and repeated use in 
some regions, resulting in environmental pollution[14-17].  With the 
rapid development of Internet of things technology, sensor 
technology has been gradually introduced into the detection of 
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pesticide deposition.  This method realizes the real-time detection 
of deposition in the process of operation and provides an important 
foundation for precise spraying.  However, due to the research of 
real-time sensor detection technology for the deposition of UAV 
spraying is still in its infancy, and affected by its own accuracy and 
other issues, it has not been widely used Extensive use requires 
continuous improvement [18,19]. 

Based on the artificial intelligence algorithm, the linear 
relationship between the operational parameters of UAV, such as 
flight speed, total flow of nozzles, number of nozzles, spray 
volume per mu and spray amplitude, and the pesticide deposition 
amount of wheat ear, upper part, middle part and lower part was 
established by analyzing the collected data of UAV plant protection 
operation Measurement.  This method can help to achieve the 
precise control of the dosage before the UAV plant protection 
operation, avoid repetitive operation, reduce the operation cost, 
reduce environmental pollution, make up for the shortcomings of 
laboratory and sensor detection methods, and improve the 
operation efficiency. 

2  Materials and methods 

2.1  Experimental data 
The data of this study come from the operation data of spraying 

Bainongaikang 58 wheat in the period of flowering and filling by 
using plant protection UAV in Xinxiang comprehensive 
experimental base of Chinese Academy of Agricultural Sciences on 
April 20-21, 2017.  The data of drug deposition was measured 
after the operation.  The operation data include UAV flight speed, 
total flow rate, number of nozzles, spray volume per mu and spray 
amplitude.  The amount of liquid medicine deposition in each part 
was obtained by the method of tracer measurement.  This method 
adds a certain concentration of alluring red solution to the liquid 
medicine, and then spray it.  Through elution, the absorption value 
of alluring red on crops is measured by spectrophotometer, 
according to the standard Curve calculation of deposition.  In this 
study, 60 groups of liquid medicine deposition in different parts of 
wheat were selected as experimental data, including 15 groups in 
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ear, upper, middle and lower parts. 
2.2  Prediction model of liquid medicine deposition 

Due to the small sample size, it is suitable to select machine 
learning mode for analysis.  The multiple linear regression 
algorithm [20,21] is selected, and the UAV flight speed, total 
nozzle flow, number of nozzles, Mu spray volume and spray 
amplitude are used as the independent variable input models to 
respectively predict the liquid deposition of wheat ear, upper part, 
middle part and lower part.  In the model, X and Y represent input 
and output variables respectively.  In multiple linear regression, 
they are multidimensional vectors, as shown below: 
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where, x1 represents the flight speed; x2 represents the total flow of 
nozzles; x3 represents the number of nozzles; x4 represents the spray 
volume per mu, and x5 represents the spray amplitude. 
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where, θ represents the coefficient of the fitting function. 
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where, y is the deposition. 
Y X θ= ⋅                     (4) 

Formula (4) is a fitting function of the algorithm, which can be 
decomposed into polynomials as follows: 

0 0 1 1 2 2ˆ ( ) ...i
n ny x x x x xθ θ θ θ= + + + +          (5) 

where, ˆ iy  is the predicted value; x0 is the constant 1, and xn is the 
input independent variable. 

For a single piece of data, the relationship between the real 
value and the predicted value is as follows: 

ˆ( ) i ij i y y= −                    (6) 
where, j(i) represents the difference between the real value and the 
predicted value, and the smaller the value is, the better.  For the 
total data set, when the square function of the error, namely the loss 
function, reaches the minimum value, the model converges, and the 
loss function formula is as follows: 
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where, J represents the loss function value.  The goal is to find a 
set of suitable fitting function coefficients θ, so that J value is as 
small as possible, that is, the predicted result after fitting is closest 
to the real value. 

3  Prediction and analysis 

3.1  Sedimentation prediction 
The 60 groups of data selected are divided into four parts, i.e. 

wheat ear, upper part, middle part and lower part, according to the 
different collection positions of chemical deposition.  Each part 
has 15 groups of data, 10 of which are training data sets and 5 of 
which are test data sets.  The agent deposition prediction 
algorithm is divided into three stages: initialization data, training 
model and prediction deposition.  The specific flow is shown in 
Figure 1. 

 
Figure 1  Algorithm flow chart 

A. Phase 1 
Phase 1 mainly completes data initialization, including 

normalization of training data set and initialization of fitting 
function coefficient. 

 

Table 1  Data initialization of the first stage of multiple linear 
regression algorithm 

Phase 1: Initialize data 

// Input training data 
1:  data = np.array() 
//Unify the input 
2:  xtrain =getXData 
3:  xtrain = getYData 
// Initialization parameters 
4:  alpha = 0.01 
5:  max_cost = 0.1 
6:  a0=0.01 
7:  a1=0.02 
8:  a2=0.03 
9:  a3=0.005 
10:  a4=0.004 
11:  a5=0.008 
12:  train_times = 20000 

 

Line 1 completes the input of training data set, and lines 2-3 
completes the normalization of training data set.  The formula is 
as follows: 

                    (8)
 

where,  is the value after normalization; vi is the original value, 
and max(v) is the maximum value of the data. 

Lines 4-11 initialize the fitting function coefficient θ to a 
random number close to 0. Line 12 sets the number of model 
training to 20000. 

B. Phase 2 
Phase 2 optimizes the value of fitting function coefficient θ 

through continuous iteration.  In this study, when the iteration 
error is 0.1, or the iteration reaches 20000 times, J(θ1 θ2 θn) obtains 
the expected value, achieves convergence and completes the model 
construction. 

The updating process of the fitting function coefficient θ is as 
follows: 

1) Substitute θ into formula (5) to calculate the predicted value; 
2) Substitute the predicted value and the real value into 

formula (6) to get the error;  
3) Put the error into formula (7) to calculate the total loss 

value;  
4) The loss function J(θ1 θ2 θn) is derived.  The specific 



December, 2019                   Huang Z H, et al.  Intelligent algorithm  to predict the spray deposition of UAV                   Vol. 2 No. 2   51 

derivation process is as follows: 
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5) Through derivation, the renewal formula of gradient 
decreasing θ is obtained. The specific formula is as follows: 
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where, ∝ is the learning rate.  In order to achieve better 
optimization effect, ∝ is taken as 0.005 in this study. 

 

Table 2  Phase 2 model construction of multiple linear 
regression algorithm 

Phase 2: model building 

//Cycle training model 
1:  for i in range (0, train_times): 
//Coefficient optimization of fitting function 
2:  optimize()  
3:  cost = cost() 
4:  if(cost <= max_cost): 
5:  break 

 

C. Phase 3 
Phase 3 is to predict the deposition of medicament.  By 

setting the input data and substituting the data into the trained 
model, the prediction results are obtained. 

 

Table 3  Prediction of the third stage chemical deposition by 
multiple linear regression algorithm 

Phase 3: agent deposition prediction 

//Initialize input data 
1:  x_test = np.array() 
2:  y_test = np.array() 
// Substitute the model to obtain the prediction results 
3:  y_hat = priect() 
//Print renderings 
4:  draw_pyplot() 

 

3.2  Results and analysis 
Table 4-7 and Figure 2-5 show the real value, predicted value, 

predicted error, error rate and predicted effect chart of the five 
groups of test data sets of wheat ear, upper part, middle part and 
lower part, in which the ear error rate ranges from 4.35% to 
12.83%, the upper error rate ranges from 4.35% to 25.44%, the 
middle error rate ranges from 0.78% to 15.69%, and the lower error 
rate ranges from 0.78% to 15.69% in the range of 0.57% to 14.58%, 
the overall effect of the prediction of the drug deposition in each 
part is middle > lower > ear > upper.  The prediction results of the 
chemical deposition amount of different parts of Wheat by multiple 
linear regression algorithm show that the prediction accuracy is 
high and the prediction effect is good.  The model is suitable for 
the small sample prediction of the chemical deposition amount of 
wheat UAV after the application of chemical in the flowering and 
filling stage. 

 

Table 4  Prediction results of ear part 

Multiple linear regression Neural network 
Serial number True value 

/μg·ear-1 
Predicted value/μg·ear-1 Error value Error rate Predicted value/μg·ear-1 Error value Error rate 

1 44.49 41.76152309 –2.72847691 –6.13% 52.985363 8.495363 19.09% 

2 83.49 73.63523411 –9.85476589 –11.80% 66.75068 –16.73932 –20.05% 

3 50.02 52.19349221 2.17349221 4.35% 72.94962 22.92962 45.84% 

4 66.85 75.42877767 8.57877767 12.83% 81.912155 15.062155 22.53% 

5 94.56 103.3897744 8.82977442 9.34% 88.66173 –5.89827 –6.24% 
 

Table 5  Prediction results of upper part 

Multiple linear regression Neural network 
Serial number True value 

/μg·cm-2 
Predicted value/μg·cm-2 Error value Error rate Predicted value/μg·cm-2 Error value Error rate 

1 1.08 1.12700582 0.04700582 4.35% 0.57966423 –0.50033577 –46.33% 

2 1.69 1.60573885 –0.08426115 –4.99% 1.2779742 –0.4120258 –24.38% 

3 2.57 1.91616681 –0.65383319 –25.44% 2.0314667 –0.5385333 –20.95% 

4 1.2 1.35928207 0.15928207 13.27% 0.88347805 –0.31652195 –26.38% 

5 1.96 1.86774376 –0.09225624 –4.71% 1.6713597 –0.2886403 –14.73% 
 

Table 6  Prediction results of middle part 

Multiple linear regression Neural network 
Serial number True value 

/μg·cm-2 
Predicted value/μg·cm-2 Error value Error rate Predicted value/μg·cm-2 Error value Error rate 

1 0.41 0.38906452 –0.02093548 –5.11% 0.35841328 –0.05158672 –12.58% 

2 0.37 0.34443787 –0.02556213 –6.91% 0.22546603 –0.14453397 –39.06% 

3 0.35 0.40491978 0.05491978 15.69% 0.34770623 –0.00229377 –0.66% 

4 0.42 0.45266643 0.03266643 7.78% 0.45836473 0.03836473 9.13% 

5 0.48 0.48376021 0.00376021 0.78% 0.7075202 0.2275202 47.40% 
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Table 7  Prediction results of lower part 

Multiple linear regression Neural network 
Serial number True value 

/μg·cm-2 
Predicted value/μg·cm-2 Error value Error rate Predicted value/μg·cm-2 Error value Error rate 

1 0.31 0.31177303 0.00177303 0.57% 0.2821555 –0.0278445 –8.98% 

2 0.24 0.27499332 0.03499332 14.58% 0.1813131 –0.0586869 –24.45% 

3 0.35 0.32405745 –0.02594255 –7.41% 0.29374218 –0.05625782 –16.07% 

4 0.39 0.3634546 –0.0265454 –6.81% 0.35331059 –0.03668941 –9.41% 

5 0.36 0.3888288 0.0288288 8.01% 0.5181992 0.1581992 43.94% 
 

 
Figure 2  Effect diagram of ear part prediction   

 
Figure 3  Effect diagram of upper part prediction 

 
Figure 4  Effect diagram of middle part prediction 

 
  Figure 5  Effect diagram of lower prediction 

The study selects the neural network algorithm and multiple 
linear regression algorithm to conduct comparative experiments.  
According to Tables 4-7, under the same experimental environment 
and test data scale, the error of the deposition amount of each part 
of wheat predicted by the neural network algorithm is greater than 
the multiple linear regression algorithm used in this study. 

4  Conclusions 

We have proposed a prediction model of the deposition amount 
of the spray liquid of UAV, based on multiple linear regression 
algorithm, the speed, the total flow rate, the number of sprayers, the 
amount of spray per mu, the spray amplitude and the amount of 
liquid deposition in different parts of the 60 groups of wheat were 
trained by using the operation data of the UAV to spray the wheat 
during the flowering and filling period and the amount of liquid 
deposition in each part of the 60 groups of wheat.  Therefore, we 
can use the spraying data of UAV for plant protection to predict the 
deposition of chemical solution after operation, and provide 
important basis for pesticide reduction and precision spraying. 

However, the research data is mainly from an experiment, so 
the influence of the number of samples, different growth periods of 
crops, different meteorological environment and other factors has 
not been considered in the algorithm.  The future work will focus 
on solving these problems.  Through the continuous improvement 
of the influence factors and the continuous optimization of the 
algorithm, a more accurate prediction model for the deposition 
amount of the spray solution of UAV will be built on the basis of 
multiple samples. 
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