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Abstract: Spraying on tree crops must consider the canopy's structural features to maximize its effectiveness. The main 

drawbacks to Variable Rate Irrigation (VRI) technology include the complexity of successfully implementing it and the 

lack of evidence that it assures better performance in net profit or water savings. Hence, a novel framework based on 

canopy characterization was presented in this research for an automatic variable-rate spraying system. The first phase 

was collecting the data, and the next was cleaning it to eliminate redundant information. The pre-treated data are then 

entered into the Crest- Stride-wise Regression Framework we devised, where we extract the canopy features and evaluate 

additional parameters. In addition, our proposed model automatically predicts the nozzle's flow rate and pressure based 

on a threshold value. Thus, this research shows that the recommended strategy achieves 99.98% accuracy, 99.99% 

precision, 99.99% F1 score, and 99.99% recall. As a result, our study enables safer and more efficient spraying 

distribution in the agricultural sector. 
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1 Introduction 

Chemicals are necessary in agriculture for crop 

protection. Pesticide sprays' applications have helped 

produce numerous high-quality ornamental 

horticultural and orchard crops (Campos et al., 2021; 

Partel et al., 2021). Similar quantities of substances 

are continually discharged in the field regardless of 

the existence of plants independent of the presence of 

plants, dispersed continuously throughout the field, 

the framework of the canopy, or the thickness of the 

leaf foliage, making traditional sprayers very wasteful 

despite these accomplishments (Chen et al., 2013; Li 
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et al., 2021; Zheng et al., 2021). Because canopies 

vary spatially, a uniform dosage might not cover the 

entire orchard. Frequently, the plant is over- or under-

sprayed, which causes ecological contamination & 

poor insect control issues (Yağ and Altan, 2022; 

Nackley, et al., 2021; Du et al., 2022). Additionally, 

farmers and environmental groups are influencing 

lawmakers to reduce pesticide losses to the 

environment drastically (Lian et al., 2019). In the 

context of precision horticulture and precision 

fruticulture, spraying at an appropriate volume 

application rate on a site-specific basis will assist in 

reducing the number of agrochemicals needed. 

Canopies differ geographically; therefore, 

understanding their structural properties is essential to 

enhancing the effectiveness of spraying for tree crops. 
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By increasing the pesticide treatments' efficacy and 

including electrical systems in new equipment, 

operating costs and environmental costs are kept at a 

minimum (Wei et al., 2022). In particular, equipment 

that only sprays near plants rather than in the gaps 

between them has already been developed for apple 

and peach tree cultures and cabbage vegetable crops 

(Yan et al., 2019). A crucial component of spraying 

systems for orchards and vineyards is the real-time 

adjustment of the operating parameters by the desired 

density to maintain the droplets in the canopy, 

enhance spray deposition, and minimize spray drift 

(Otto et al., 2018; Wandkar et al., 2018; Biglia et al., 

2022; Berk et al., 2019). So, fascination with 

variable-rate spraying techniques is improving to 

reduce pollution when conducting spray operations 

(Zhou et al., 2017). Innovative variable-rate spraying 

technique (Seol et al., 2022; Qin et al., 2021; Partel et 

al., 2019; Kotkar et al., 2021) provides a potential 

solution that spontaneously modifies spraying outputs 

to match plant availability, canopy properties, & 

travel distances. The application of this presently 

accessible system will allow farmers, consumers, and 

the environment because it can lower pesticide usage 

and off-target losses (Patil et al., 2023). 

Technological advances in sensing and detecting may 

enable precise automated processes that could 

increase crop output and provide quality while 

decreasing labour expenses & operating in an 

ecologically friendly manner (Mahmud et al., 2021; 

Gil et al., 2021). Sprayers must have real-time sensor 

and control systems to deliver an accurate spray 

deposit on crop canopies and decrease spray losses 

(Wen et al., 2019; Ni et al., 2021; Abbas et al., 2020; 

Dou et al., 2021; Wang et al., 2021). The foundation 

for these sensor systems is many hypotheses which 

might enable effective canopy monitoring. The 

foundation and inspiration for accurate spraying is the 

identification of the differentiating characteristics of 

the target plant (He, 2020; Tona et al., 2018). 

However, a fundamental issue that needs to be 

resolved is how to gather correct data in a simple, 

helpful, and efficient manner. The following is the 

research's primary contribution:  

• First, we gathered the width, height, area, inter-row, 

and distance between the trees. Then, we eliminated 

the redundant data from the data that was gathered. 

•Then the pre-processed data is then fed into the 

presented Crest- Stride-wise Regression Framework, 

where we first extract the canopy features using the 

crest regression model. Then we estimate the nozzle's 

flow rate and pressure using the stride regression 

model. 

As a result, we can now automatically apply to 

spray more safely and accurately in agriculture due to 

our proposed research. 

This research paper's organizational structure is as 

follows: Segment 2 discusses the variable rate 

spraying technique used for canopy characterization. 

The proposed novel machine learning-based 

framework for canopy characterization is described in 

Segment 3; Segment 4 provides the research results. 

The conclusion of this study is presented in segment 5. 

2 Literature survey 

Campos et al. (2021) developed regression 

models for analyzing satellite and unmanned aerial 

vehicle (UAV) photos collected during three critical 

development phases to determine vineyard canopy 

properties. An UAV and satellite-based technology 

were used to individually and remotely characterize 

1400 vines. Two distinct processes were used to 

analyse the data gathered from the sampled vines. 

The initial phase utilized each vine as a data point to 

look for a straight line connecting the manual and 

remote sensing data. Secondly, the field's vines were 

divided into three vigour levels, and linear regression 

models were fitted to the provided estimates for the 

canopy characteristics, which were derived from both 

on- and off-ground data. Future research should 

therefore concentrate on enhancing canopy 

characterization considering the size of satellite 

imaging pixels, field measurement modifications for 

validation, and complete automation of the 

procedure(Hu et al., 2019) In solitary (3D) and trellis-

structured (2D) apple orchards, methods for 
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evaluating a mapping system for apple canopy 

density as an input for a variable-rate sprayer are 

given. The mobile terrestrial system comprises the 2D 

LiDAR (Light Detection and Ranging) used in this 

study, three RGB-D cameras, and a GPS-RTK 

module. A 2D matrix containing density distribution 

data was converted from a 3D point cloud prepared 

for a 2D or 3D tree row for a variable-rate sprayer. 

Quad frames were set up in the forest to get actual 

data for GPS validation and canopy density. Using 

RANSAC and intensity thresholding, along with their 

timestamps and locations, they were extracted from 

the 3D point cloud. 

Hu Kaiqun et al. (2019) provided a method for 

determining the canopy volume of peach trees. A 

variable rate spraying system based on the 

measurement of the canopy volume was built 

utilizing ultrasonic sensing, one of the most reliable 

target identification techniques. The orchard air-

assisted sprayer now has two flow control units and 

ten ultrasonic sensors. The canopy diameters were 

measured using ultrasonic sensors, and the flow rate 

of the nozzles was promptly adjusted using flow 

controllers. A control treatment with a constant 

application rate of 300 L ha-1 was employed 

compared to the variable rate application at a canopy 

of 0.095 L  m - 3 . These two treatments were 

established (Cai et al., 2019). The flow rate decision 

software controlled the spray output using a variable-

rate spray model by the canopy gridding volumes and 

travel speed. The spray control system controlled the 

delay by storing and retrieving spray data. Together, 

these three elements make it possible for the canopy 

to be split into a grid of a consistent size. The 

uniformity of the spray coverage inside tree canopies 

was examined to determine the impact of different 

grid sizes and travel speeds on the spray performance. 

Future studies will examine the sprayer's 

effectiveness for trees at various growth stages and 

compare it to existing sensor-based variable-rate 

spraying systems. 

Manandhar et al. (2020) evaluated the techno-

economics of a conventional constant-rate sprayer 

(CRS) with a conventional pesticide sprayer equipped 

with Variable Rate Sprayer (VRS) VRS to apply 

pesticides during the production of apples. Future life 

cycle assessments may be conducted to Identify and 

analyse the total environmental impact reduction 

imposed by reduced pesticide consumption. Future 

research on other varieties of speciality crops can 

employ the same modelling methodology used for 

this study. 

Fewer research studies are only concentrating on 

variable rate spraying on canopy characterization 

using artificial intelligence approaches. Therefore, 

there is a need to develop automatic variable-rate 

spraying on canopy characterization.   

3 A novel crest-stride-wise regression 

framework 

The main drawbacks of variable rate spraying are 

the difficulty of successfully implementing the 

technology and the lack of evidence to ensure better 

performance. The YOLO-v3 was employed in the 

current study to solve these problems (Hussain et al., 

2020). However, it has some drawbacks, including an 

overfitting of the data, a low recall, difficulty 

recognizing small objects, and a lack of automatic 

recognition of canopy characterization and spraying 

techniques. This research introduced a unique crest-

stride-wise regression framework covered in this part 

to build an automated variable-rate spraying system 

based on canopy characterization. Figure 1 illustrates 

this proposed framework: dataset description, data 

pre-processing, and a machine learning-based 

framework. 

3.1 Dataset description 

This research utilized information from the 

dispersion of spray deposits in vine canopies (Codis 

et al., 2018). The protocol for gathering data is 

detailed as follows:  

In 2016, measurements of spray deposits were 

made on a vine estate following ISO22522:2007 

(Domaine Mas Piquet, 15 ha, Languedoc). In 5 plots, 

several vine types were selected for their particular 

vigour; spray deposition was monitored on four days 
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(April 28, May 25, June 23, and July 18, 2016). Using 

a grid with one collector per pixel that was 20 cm 

height by 10 cm wide, collectors were placed on the 

leaves of each tree in the canopy in a profile parallel 

to the row. The individual examination of 3048 

collectors is completed. 

A high-performance sprayer and a pneumatic arch 

sprayer utilized every four rows (air-assisted side-by-

side sprayer) have been employed. Tartrazine E102, a 

tracer, was sprayed on 40 cm2 PVC collectors used 

for sampling that were placed inside the vegetation 

and was used to measure the amount of spray 

deposition. For each sprayer, four trees were sampled 

on each plot. The calibration and nozzle diameters of 

both sprayers were selected to spray a saturated 

solution at 150 L ha-1 during the development stage. 

The number of active outlets was selected to match 

the crop height and prevent losses above the canopy 

top. Flow measurement was used to calculate the flow 

rate both before & after the spraying. The time it took 

to pass the 15-meter segment containing the four 

sampled trees was used to calculate the forward speed 

during the spraying. The liquid was under 2.5 bars of 

pressure with the arch sprayer but under 5 bars with 

the air-assisted sprayer. The normalized spray 

deposition (NorDeposit) was computed using the 

following Equation 1  consisting of the mixture's 

volume rate per hectare, its tracer concentration, the 

collector's area, and its forward speed; 

Q
Nordeposit

VolRate C



                (1) 

where, C is the dye concentration in the tank 

( ), Q is the dye used per square inch of the 

collector , and VolRate is the sprayer's 

volume rate. 

As a result, this dataset details spraying modality, 

tree height, average width, tree height, leaf wall area 

(LWA), tree row volume (TRV), and normalized 

deposit value. After collecting the dataset, this 

research performed a pre-processing described in the 

following section. 

3.2 Pre-processing 

Data pre-processing was performed in this 

research to diminish data complexity and processing 

time. Here, we explore feature selection, cleaning, 

and noise reduction. After applying an adequate data 

pre-processing process, the final data set can be 

perceived as an unbiased and pertinent input for our 

proposed machine learning-based approach. 

 

Data preprocessing

Remove the irrelevant data

Crest stride wise 

regression framework  
Output data

Input data

 
Figure 1 Architecture of the proposed approach 
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The accumulated dataset is a.csv file in its raw 

form. As a result, data pre-processing is pivotal for 

our data. Data cleaning is the maiden of data pre-

processing, which involves removing any extraneous 

data. Moreover, data normalization encompasses 

adequately structuring data, lessening the duplication 

of different connections in the database. The dataset's 

noise is then decreased by imputing (filling in) the 

missing values using the values from the primary data. 

Finally, the dataset's redundant and unnecessary 

characteristics are censored during the feature 

selection process. As a result, data normalization 

accelerates the database's immediacy, accuracy, and 

efficiency. Noise reduction prevents substantial data 

management issues. The feature selection process 

reduces overfitting in the prediction algorithm, 

speeding up and using less memory throughout the 

learning process. As exemplified in Figure 2, our pre-

processed and feature-selected dataset includes 

information on the orchard area, canopy width, row 

distance, canopy distance, and canopy height. 

 
Figure 2 Pre-processed data 

These data are then infiltrated into our proposed 

approach, which is discussed in the following section. 

3.3 Machine learning based framework  

In our suggested crest-stride-wise regression 

approach, the pre-processed data are supplied. This 

research uses the following equations to evaluate the 

tree number, TRV, speed, spray volume rate, total 

spray volume, and flow rate. 

10000
Three number

rowdistance three distance orchardarea


 
  

(2)  

3 110000
( ) ( )

canopyheight canopywidth
Tree RowVolume TRV m ha

rowdistance

 


(3) 

3.6 distance
Speed

time


                               (4) 

200 0.02Spray volumerate TRV                     (5) 

Spray volumetotal Spray volume rate orchard area   (6) 

600

spray volume rate tractor speed row distance
Flow rate

 
  

(7) 

After evaluating these parameters, our research 

predicts the changing flow rate and pressure using a 

proposed crest-stride-wise regression framework. 

Crest regression is a regularisation technique that 

introduces less bias to lessen the sensitivity of results 

to the training dataset. It might lower the fit's variance 

and enhance its prognostication. It is accomplished by 

summing the squared residuals and using the crest 

regression penalty function. It is efficient for handling 

small training datasets. The following is a crest 

regression, 

                     (8) 

In which, x  and  R are the independent 

and dependent variables, respectively. Moreover, err 

represents the prediction error, and c represents the 

regressor coefficient vector. Equation 8 may be 

represented as follows in the matrix format: 

                             (9) 

Where, ya is a m×1 matrix displaying the values 

that were observed; likewise, X is relating m×n 

design matrix; the least squares error approach may 

be used to resolve the linear regression issue as 

follows: 

                      (10) 

Thus, if the variables are standardized 

                                  (11) 

Additionally, the following is how the covariance 
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matrix may be attained: 

 (12)                                   

R is the correlation matrix in this sentence. The 

diagonal components of Equation  10 receive the 

following tiny value, d, as a result of crest regression: 

                     (13) 

Hence, the following is how the bias might be 

acquired: 

     (14) 

And this is how the covariance matrix may be 

found: 

 (15) 

Equation 15 shows that crest regression has a lower 

mean squared error than least square regression—the 

optimal d value discovered through cross-validation. 

Next, stride regression incorporates processes called 

forward selection and backward elimination. 

 

The premise of forward selection is that the 

intercept is the only regressor in the model. The 

operation is then carried out to select the best subset 

in the model by adding each regressor to the model 

one at a time. The second regressor analyzed in the 

equation has a high partial correlation towards the 

response variable (y), the one with the most 

considerable simple correlation after the first 

regressor included in the model's effects has been 

taken into account. The F-statistics in Equation 16 

show that when is already in the model,  has a 

robust partial correlation:  

                       (16) 

where, The regression's sum of squares is known 

as  and The regression's sum of squares is known 

as . 

 
Figure 3 Prediction of pressure value using our proposed framework 

 
Figure 4 Prediction of flow rate using our proposed framework 

The regressor is included in the model if this F 

value exceeds Forward Inclusion Numerator FIN. The 

regressor with a robust partial correlation to y that 

considers the impact of another regressor already 

included in the model is often included. The 

procedure ends when the last regressor is added to the 

model, or the F-statistics do not exceed FIN. 

Backward elimination is conducted reversely; the 

model is first constructed with all regressors present. 

Forward Outclusion Numerator FOUT eliminates the 

regressor with the weakest partial correlation from the 

model. Finally, the following pressure intervals were 

established: inferior to 3.0 bar (minimum pressure), 

ranging from 3.0 to 11.0 bar (medium pressure), and 
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above 11.0 bar (higher pressure) to adapt the total 

flow rate of emissions to the canopy's breadth. 

Then, this research optimizes the ultimate flow 

rate delivered to the canopy based on the pressure 

intervals, and the sample result is shown in Figure 4. 

As a result, our proposed approach predicts the 

 nozzle's flow rate and pressure based on a threshold 

value using our proposed framework, depicted in 

Figure 5. 

 

 

 

 

 

 

 

 

Pre-processed 

data 

Parameter 

Evaluation 
Selection  

Labelling 

(Training and 

testing dataset 

Insertion in 

training set 

Covariance 

matrix obtained 

No 

Yes 

n = 0 

Forward Selection 

n = n+1  

Calculate pressure-value for 

each variable by using stride 

wise regression model 

Identify the variable 

with lowest p-value 

Is the p-value 

lower than the 

corrected threshold 

Yes 

Add the variable with 

the lowest p-value into 

the model 

No 

Output the variable 

with n variable 

INTEGRATED STEPWISE REGRESSION AND RIDGE 

REGRESSION APPROACH 

 

 
Figure 5 Architecture of the proposed Crest-Stride wise regression framework 

 
4 Simulation results 

This section describes our novel method's 

performance and implementation results. Also, the 

comparative baseline approach results are discussed. 

Tool : PYTHON 3 

OS  : Windows 7 (64-bit) 

Processor : Intel Premium 

RAM :8GB  RAM 

4.1 Performance measurements 

The proposed crest-stride-wise regression 

framework's overall performance evaluation is 

discussed in this section. 

The canopy height, width, and pressure range 
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over the number of samples are shown in Figures 6-8.  

This research predicts the changing flow rate 

based on the canopy characterization leveraging these 

data. 

Figure 9 portrays the pressure levels for various 

samples, including low, medium, and high. This 

research primarily evaluates the pressure level to get 

the flow rate for our crest-stride wise regression 

framework.

Table 1 Simulation parameters 

Parameters Value 

Random state 1 

Train size 0.9 

Test size 0.1 

Crest (Alpha) 1.0 

Number of splits 10 

Number of repeats 3 

 
Figure 6 Canopy width vs number of samples 

 
Figure 7 Canopy height vs number of samples 
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Figure 8 Pressure range vs number of samples 

 
Figure 9 Pressure level of our proposed approach 

Table 2 Overall comparison of performance metrics 

Methods Accuracy Precision Recall F1 score 

VGG-16 97% 98% 97% 97% 

GoogleNet 96% 96% 97% 96% 

AlexNet 95% 95% 96 % 95% 

Proposed 99.98% 99.99% 99.99% 99.99% 

4.2 Comparison analysis   

The effectiveness of the suggested autonomous 

variable-rate spraying system based on canopy 

characterization was already evaluated using a variety 

of parameters, including accuracy, F1 score, precision 

and recall. These parameters are also included in this 

section. These equations 17-20 were used to analyse 

an assortment of performance indicators, including 

accuracy, precision, recall, and F1 score: 

Pr
TruePositive

ecision
TruePositive False positive




        (17) 

True positive True Negative
Accuracy

True Positive TrueNegative FalsePositive FalseNegative




  

                                                       (18) 

Re
True Positive

call
True Positive False Negative




            (19) 

1

2 Precision Recall
F score

Precision Recall

 



             (20) 
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Figure 10 Comparison of Accuracy 

Figure 10 and Table 2 show the total accuracy 

comparison. Using the crest-stride-wise regression 

framework increases the suggested technique's 

accuracy. Our suggested technique attains greater 

precision compared to the baseline approaches such 

as VGG-16, GoogleNet and AlexNet (Liu et al., 2021) 

such as 97%, 96% and 95%. As a result, our original 

individual technology is more accurate than standard 

methods by 99.98%. 

 
 

Figure 11 Comparison of precision 

Figure 11 and Table 2 display the total precision 

comparison. The proposed method's accuracy 

increases using pre-processed data for our proposed 

crest-stride-wise regression framework. Our 

suggested method attains greater precision when 

compared to the baseline approaches as VGG-16, 

GoogleNet and AlexNet (Liu et al., 2021) , such as 

98%, 96% and 95%. Our innovative, distinctive 



March, 2024                        AgricEngInt: CIGR Journal Open access at http://www.cigrjournal.org                    Vol. 26, No.1       111 

method has a 99.99% accuracy rate, more remarkable than standard methods. 

 
Figure 12 Comparison of recall 

Figure 13 Comparison of F1-score 

Figure 12 and Table 2 display the comparison of 

total recall. The proposed technique's recall increases 

by using the feature-selected data for our suggested 

crest-stride wise regression framework. Our 

suggested method attains more excellent recall when 

compared to the baseline approaches as VGG-16, 

GoogleNet and AlexNet (Liu et al., 2021) , such as 

97%, 97% and 96 %. Consequently, compared to 

standard methods, our original, distinctive strategy 

has a more excellent recall of 99.99%. 
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Figure 13 and Table 2 display a comparison of all 

F1 scores. The suggested crest-stride-wise 

architecture for an autonomous variable-rate spraying 

system based on canopy characterization enhances 

the F1-score of the proposed approach. Our suggested 

approach attains a greater F1-score when compared to 

the baseline approaches such as VGG-16 GoogleNet 

and AlexNet (Liu et al., 2021) such as 97%, 96% and 

95%. As a result, our original individual strategy 

outperforms baseline methods with an f1-score of 

99.99%. 

4.3 Discussion 

The advantages of VRI technology are 

demonstrated in the areas of agronomic improvement, 

greater economic returns, environmental protection, 

and risk management, while the main drawbacks to 

VRI technology include the complexity of 

successfully implementing the technology and the 

lack of evidence that it assures better performance in 

net profit or water savings. Existing research utilized 

the random forest approach for variable-rate chemical 

spraying in weed/crop detection and classification 

[Liu et al (2021)] but it leads to overfitting. In 

addition, YOLO-v3 is utilized for automatic variable-

rate spraying. However, it provides a low recall, 

localization error, and struggles to detect small 

objects. Moreover, it doesn't have automatic detection 

of canopy characterization and sprayer approaches. 

Our research proposed a Crest-Stride-wise Regression 

Framework for an automatic variable-rate spraying 

system based on canopy characterization to overcome 

the above limitations. 

Firstly, we collected data such as width, height of 

the tree, area, inter-row, and tree distance. Then, we 

do the data cleaning process to remove the irrelevant 

information from the data. Then the pre-processed 

data is fed into our proposed crest- stride wise 

regression framework, where we first extract the 

canopy features and then evaluate the canopy volume 

and flow rate based on TRV, spray volume rate, and 

cross-sectional trunk area by using our proposed crest 

regression model. In addition, our research proposed 

a stride-wise regression model to predict the changing 

flow rate, which automatically predicts the nozzle's 

flow rate and pressure based on a threshold value. As 

a result, our proposed Crest-Stride-wise Regression 

Framework measures the canopy. It instantly 

modifies the working parameters (pressure and nozzle 

flow rate) for more accurate and safe spraying 

distribution. Hence, this research provides higher 

results in terms of accuracy, precision, recall and f1-

score. Moreover, the existing research not developed 

a VRI model for vine canopies; instead, they 

developed weed/crop, so we compared our results to 

theirs. In VRI technology, our research provides the 

highest results. 

5 Conclusion   

VRI technology improvements are shown in 

agronomic advancement, increased financial returns, 

environmental protection, and risk management; 

however, fewer studies are relying exclusively on 

variable rate spraying on canopy characterization 

using artificial intelligence techniques. Thus, 

automatic variable-rate spraying on canopy 

characterization should be developed. Thus, based on 

canopy characterization, this study developed a crest-

stride wise regression framework for an autonomous 

variable-rate spraying system. Data collection, pre-

processing, and machine learning-based prediction 

comprise this framework's three steps. First, the 

datasets are cleaned, and then, the pre-processed data 

is fed into our suggested crest-stride wise regression 

framework, in which this research predicts the 

changing flow rate based on the pressure. The study 

concludes that the suggested strategy has 99.98% 

accuracy, 99.99% precision, 99.99% F1 score, and 

99.99% recall. As a result, this research performs 

better than the previously employed approaches. The 

limitation of this work is only provided with 

simulation results of variable rate spraying for vine 

canopies, a somewhat real-time application. Hence, in 

the future, we will apply this method in real-time to 

show our proposed model's accuracy. 
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