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Abstract: In order to explore the drag reduction mechanism of pneumatic subsoiling and study the
influence of pneumatic subsoiling on the soil, this study used machine learning models to predict the
working resistance of a pneumatic subsoiler and adopted random forest (RF), error back-propagation
(BP), eXtreme gradient boosting (XGBoost) and support vector regression (SVR) to analyze and
compare the predictions of these four models. Field experiments were carried out in two fields with
different bulk densities and moisture content. The effects of these parameters on the resistance of
pneumatic subsoiling were studied by changing the working air pressure, depth and forward speed.
In the RF, SVR, XGBoost and BP models, five parameters (working air pressure, working depth,
forward speed, bulk density and moisture content) were inputted as independent variables, and the
operating resistance of pneumatic subsoiling was used as the predicted value. After training the four
models, the results showed that the R2 value of the RF model was the highest and the error was the
smallest, which made it better than the SVR, XGBoost and BP models. The values of MAPE, R2 and
RMSE for the RF model’s test set were 0.01, 0.99, and 3.61 N, respectively, indicating that the RF model
could predict the resistance value of subsoiling well. When the RF model was used to analyze the
five input parameters, the experimental results showed that the contribution of working air pressure
to reducing the resistance of subsoiling reached 29%, indicating that pneumatic subsoiling can reduce
the resistance, drag and consumption.

Keywords: drag reduction of subsoiling; pneumatic subsoiling; machine learning model

1. Introduction

As the level of agricultural mechanization improves, the soil is compacted during the
operation of agricultural machinery and equipment [1], and the bottom of the plow pans
are raised and thickened due to continuous tillage all year round. The thickening of the
plow pan will inhibit the discharge of gas from the soil and the build-up of plant roots,
which will lead to the deterioration of plants’ growing environments [2,3]. At present, as
one of the means of conservation tillage, subsoilers are the most widely used machines
that can break the plow pan and effectively solve the problem of soil hardening [4]. The
subsoiling operation can break the separation layer without turning the tillage layer and
enhance the conservation of the water deposits and the soil’s ability to resist drought [5,6].
At present, the most widely used subsoiling shovels are mainly wing subsoiling shovels and
vibrating subsoiling shovels. In recent years, the research on pneumatic subsoiling shovels
has gradually increased, but there are problems, such as their high energy consumption
and incomplete soil subsoiling [7,8]. The current research on reducing the resistance and
consumption of subsoiling has mainly focused on constructing subsoiling models through
discrete element simulation. Through analyses of the models, the disturbance range and
resistance of subsoiling can be studied [9–11]. The research object of this study was a
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pneumatic subsoiler. Pneumatic subsoiling impacts the soil through the air explosion jet,
reducing the friction between the subsoiling shovel and the soil and assisting the subsoiling
operation, which can effectively break the plow pan [12]. Han et al. simulated and analyzed
the reinforcement mechanism of high-pressure gas on the soft soil foundation through
soil trough tests [13]. Zuo et al. designed a gas injection test for soil subsoiling, which
verified the feasibility of air pressure subsoiling, and the effect of subsoiling was good [7].
Araya et al. used the finite element method to establish a subsoiling model based on a
high-pressure gas explosion and, on this basis, explored the influence of the placement
angle of the subsoiling shovel on the groundbreaking influence of subsoiling [14]. Zhang
et al. advanced a method of air explosion scarification that could improve the internal
environment of lawn soil and studied alterations of the parameters, for instance, soil and
soil bulk density, which originated from the air explosion subsoiling operation [15–17].
Xi et al. developed a profile approach for observing the cracks and disturbance from
pneumatic subsoiling and established the crack trace equation and soil disturbance model
of the airburst soil. They analyzed the soil crack propagation method through the soil’s
tension failure and shear failure mechanism, then resolved the connection of the pneumatic
subsoiling cracks and working air pressure [18].

Because of the nonlinear characteristics of soil, it is difficult to find the relationship
between the working resistance and the air pressure and other parameters of subsoiling
when the pneumatic subsoiler operates. Especially in a complex soil environment, pneu-
matic subsoiling can easily cause excessive resistance and losses of traction and the device’s
energy [19]. A pneumatic subsoiler’s working efficiency and subsoiling tillage resistance
are greatly affected by the soil moisture content, soil bulk density, working pressure, work-
ing depth and working forward speed [20]. Therefore, efficiently optimizing the ratios
of various parameters of pneumatic subsoiling and accurately predicting the resistance
of pneumatic subsoiling have become crucial issues [21]. The optimal management of
these parameters will assist in reducing the consumption of fuel and costs and will im-
prove working efficiency, which has great scientific significance [22–24]. Three methods
are mainly used to establish models for predicting subsoiling resistance: data analysis and
comparison, mathematical models and regression equations of resistance, and computer
models [25–27]. The first two methods require multiple field experiments to analyze the
relationships among the parameters and to evaluate the relationships between the parame-
ters and resistance [28]. However, it takes a long time to analyze the relationships of the
parameters through field experiments, and the experimental equipment and measuring
instruments are also expensive. Therefore, computer prediction models have become a
better choice [29]. With innovations in the field of computing, machine learning (ML) also
provides a new way to reduce drag and consumption. ML techniques have been widely
used in predicting the energy consumption of tractors and the resistance of subsoilers.
Various ML approaches, for instance, artificial neural networks (ANNs) and support vec-
tor machines (SVM), can be successfully applied to model various prediction parameter
problems. At the same time, ML models can also assist researchers in resolving the relative
importance of numerous aspects that affect resistance [30,31]. In 2009, Alimardani et al.
constructed a model via ANN and compared the gradient of descent with the momentum of
the Lavenberg–Marquardt scaled conjugated gradient algorithm. The results showed that
the Lavenberg–Marquardt algorithm was the best, with a prediction accuracy of 95.8% and
a simulation accuracy of 97.6% [29]. In 2003, Hamed et al. used the ANN model to predict
the draught demand and energy demand of a disc plow by using 10 input parameters (the
plow’s depth and forward speed, sand content, silt content, clay content, soil water content,
the disk’s diameter and angle, tilt angle and soil density) and the predicted results were
reliable, with R2 values of 0.934 and 0.915 [32]. Gautam et al. compared the performances
of the RSM and ANN models in predicting resistance, where the R2 value of RMS was
0.997 and that of ANN was 0.987, indicating that the ANN model is suitable for predicting
resistance [33]. RF is a supervised ML technique based on an ensemble method, which
usually combines multiple models of the random forest algorithm to improve the accuracy
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of predictions. Swetha predicted the clay, silt and sand measured in the laboratory by the
RF and convolutional neural network (CNN) algorithms to determine the soil texture [34].

It can be seen that a computer model could be applied to forecast the tillage resistance
of pneumatic subsoilers. It could assist researchers in discovering the relative importance
of each parameter affecting the tillage resistance, save a lot of time and effort without
expensive and time-consuming field experiments, and verify that pneumatic subsoiling
has a better effect than traditional subsoiling. Moreover, machine learning outperforms
traditional problem-solving methods with the forward speed of processing data and the
quality of generated solutions.

In this study, four different ML models (SVR, BP, RF and XGBoost) were used to
predict the resistance of pneumatic subsoiling. These four models have not been previously
applied to predicting the resistance of pneumatic subsoiling. The most suitable model was
determined on the basis of comparative analysis. Finally, the relative importance of various
parameters affecting the resistance of subsoiling tillage was determined through the model.
In order to achieve this goal, two different experimental fields were tested, and a large
amount of data was obtained, which verified that pneumatic subsoiling could effectively
reduce the drag and consumption compared with traditional subsoiling, and effectively
predicted pneumatic subsoiling. The objectives of this study were as follows:

1. Use the SVR, BP, RF and XGBooST algorithms to predict the tillage resistance of
pneumatic subsoiling and select the best model according to the relevant evaluation index
of the model.

2. Use field experiments to collect relevant data, compare and analyze the levels of
resistance, and then determine the higher efficiency of pneumatic subsoiling and traditional
subsoiling.

3. Use the best machine learning model to determine the degree of contribution of each
dimension affecting tillage resistance and determine the influence of different dimensions
on the resistance of pneumatic subsoiling.

2. Materials and Methods
2.1. Structural Parameter Design of a Pneumatic Subsoiling Shovel

This study adopted a medium-sized subsoiling shovel that imitated the standard of
JBT 9788-1999. The installation parameters included the wing shovel’s installation angle
(θ), upward inclination angle (β), backward inclination angle (ϕ) and installation height
(h), and the air pressure of subsoiling (P). According to Wang’s proposal, the wing shovel’s
installation angle (θ) was 25◦, the upward inclination angle (β) was 0◦, the backward
inclination angle (ϕ) was 45◦, the installation height (h) was 95 mm, and the penetration
angle was 23◦ [9]. According to the JBT 9788-1999 standard for subsoiling shovels, the
long radius R1 was 320 mm, the short radius R2 was 284 mm, L was 650 mm, L1 was
85 mm, and L2 was 316 mm. According to the recommendations of Spoor and Godwin,
the width of the wing was 70 mm to 80 mm of the operating width, and the width L3 of
the wing in this study was 80 mm, the width D was 340 mm, the length L4 was 50 mm
and B was 30 mm [35]. A diagram of the structure of the subsoiling shovel is shown in
Figure 1. Zou et al. studied the stress of each functional area of a blade-type subsoiling
shovel through EDEM, and the experiment showed that the stress was the greatest at the
bottom of the subsoiling shovel [36]. Therefore, in this study, the air outlet of the air pump
was placed at the bottom of the subsoiling shovel, coupled with the jet’s impact on the soil,
and the subsoiling operation was carried out at the bottom of the plow pan at a depth of
400 mm. Under the action of the tractor’s traction, the shovel head cuts the soil to the depth
set by the depth-limiting wheel of the subsoiler, turns on the air compressor, controls the
air gun’s pressure to reach the splitting air pressure of the corresponding soil and sprays
gas from the air gun’s hole to the plow pan around the air gun. The plow pan produces
cracks after being expanded and sheared by the high-pressure gas, and the high-pressure
gas penetrates the cracks and lifts the soil. The tractor pulls the subsoiler to move the
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pneumatic subsoiling shovel forward, and the lifted soil is crushed after being turned over
by the composite shape of the shovel head to complete the subsoiling operation.

Figure 1. The structure and geometric parameters of the pneumatic subsoiling shovel (a–c) are the
left view, top view and actual subsoiler of the subsoiling shovel, respectively.

2.2. Field Trials
2.2.1. Soil Characteristics

Field trials were conducted in an experimental field (39.19◦ N, 116.17◦ E) of Gu’an
County, Langfang City, Hebei Province, China, and Nanda Township Research Station
(40.5◦ N, 120.5◦ E) in Huludao City, Liaoning Province, China. The terrain of the experimen-
tal fields is flat, and the slopes are less than 5◦. The crops cultivated in the two experimental
fields in the early stage were both corn, and the fields had never been subsoiled previously.
According to the International Soil Texture Classification Standard (ISTC), the soil type
of the experimental area of Gu’an in Langfang City, Hebei Province, is loam (clay, 12.1%;
silica, 39.8%; sand, 48.1%), and the soil type of the experimental area of Nandaxiang in
Huludao City, Liaoning Province, is loam (clay, 9.2%; silica, 37.1%; sand, 53.7%). In order to
study the subsoiling resistance, it was necessary to test the soil parameters; for instance,
the soil’s penetration resistance, organic matter, bulk density, soil moisture content and
pH value. Soil compaction was estimated with a soil penetration resistance meter, and
random measurements were performed at 10 sites. The soil’s penetration resistance was
monitored at intervals of 50 mm within a depth range of 0–0.5 m, and the measurement
results are shown in Figure 2. The potentiometric method was used to measure the soil
pH. The samples for calculating the soil bulk density were collected by using a ring knife
(volume: 100 cm2). The specific calculation method was to divide the dry mass of the
soil by the core volume. The soil samples were dried in a drying box at 105 ◦C and then
heated to 400 ◦C to obtain the soil bulk density. The soil water content was measured at
12 measurement sites, where the water content at 0–5 cm and 25–50 cm soil was collected,
and we took the average value of the two. This was performed by placing the collected soil
samples into aluminum boxes and weighing them in a balance with an accuracy of 0.1 mg
(Mw), and then drying the boxes and soil samples in an oven at 105 ◦C for a sufficient time
until there was no change in the weight (Md) [10]. The soil water content was calculated as
shown in Equation (1):

Soil moisture content(%) = (Mw −Md)× 100%/Md (1)

We dissolved the soil in water and measured the soil conductivity with a conductivity
meter.
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Figure 2. Changes in penetration resistance. The “LN field” indicates the Huludao test field in
Liaoning Province, and the “HB field” indicates the Langfang test field in Hebei Province.

The data of the soil bulk density, moisture content, compactness, pH value and organic
matter of the experimental sites in Liaoning and Hebei are shown in Table 1. According to
the table, the soil conditions in the two experimental sites were basically the same, and the
bottom of the plow pan of the two experimental sites was in the same subsoiling range.

Table 1. Soil data of the two experimental plots, HB and LN.

Property Value (HB) Value (LN)

Organic matter 0.49% 0.53%
Electrical conductivity (EC) 0.51 dS/m3 0.52 dS/m3

PH 7.8 7.1
Dry bulk density 1580 kg/m3 1180 kg/m3

Moisture content (db) (0–25 cm) 18.6% 21.2%
Moisture content (db) (25–50 cm) 23.2% 26.4%

2.2.2. Field Testing Program

The field experiments were carried out in Hebei and Liaoning. In order to reduce the
error of the experiments, the instruments used in the experiments and the experimental
process were kept as consistent as possible. Each test field was 300 m long and 4 m wide,
with two round-trip operation swathe widths and a 3 m long tractor turning zone set aside
at both ends.

The test equipment included a pneumatic subsoiling shovel, a subsoiling frame,
two tractors, an S-type digital display tension meter (Bengbu Dayang Sensor System
Engineering Co., Ltd., Bengbu, China, Model: DYLY-103, 0-5T range), a flexible ruler, two
rings (M18), a steel ruler and a laptop. The air pump was a movable piston air pump. The
air pump was fixed on the frame by welding, and the subsoiling shovel was connected to
the air pipe through the frame.

In the field experiment, the subsoiling shovel, presented in Section 2.1, was used.
In order to measure the resistance accurately and facilitate the data measurement and
collection process, two tractors were used. One was a John Deere 6E-1504 tractor that
provided forward power, with a size of 4860 × 2480 × 2840 mm, a 4 × 4 drivetrain, 118 kW
of engine power and a power output of 110.5 kW. The other one was a Dongfanghong
LX1000 wheeled tractor, which was connected to a pneumatic subsoiling machine. Its
dimensions were 4330 × 2160 × 2865 mm, with a 4 × 4 wheeled drivetrain. The engine
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power was 80 kW, and the power output was 73.5 kW. In the subsoiling process, the John
Deere 6E-1504 tractor was in front, and the Dongfanghong LX1000 wheeled tractor was
placed in the middle. The pneumatic subsoiling machine was connected to the upper
and lower pulling shafts of the Dongfanghong LX1000 tractor through the suspension
device. The tractors were connected by two lengths of the wire rope (radius = 5 mm), and
the tension sensors that measured the traction force were connected by two rings (M18)
between the two lengths of wire rope. The tension sensors could be used to view the
specific value through the display and were connected to a laptop to upload the tension
data. The schematic diagram of the on-site test framework for pneumatic subsoiling is
shown in Figure 3.

Figure 3. The overall framework of the pneumatic subsoiling field test.

The force measurement process was as follows. First, when the subsoiling machine
was not working, the John Deere 6E-1504 tractor pulled the Dongfanghong LX1000 tractor
and the nonoperating subsoiling machine forward with the wire rope. The resistance of
the Dongfanghong LX1000 tractor and the unloaded subsoiling machine was measured
by the tension sensor, and the measured tension was designated as F1. Secondly, based
on the surface of the test field, the height of the subsoiling machine was adjusted up and
down by the three-point suspension at the back of the tractor, the depth of the soil was
selected, and the depth of subsoiling was adjusted to the operating depth with the steel
ruler. Then, the air pump was opened, and the subsoiling operation began. The steel ruler
was used to remove excess soil, which was convenient for the subsequent determination
of the subsoiling effect and observations of the disturbance surface of the subsoiling. The
John Deere 6E-1504 tractor then pulled the Dongfanghong LX1000 tractor forward, and the
pneumatic subsoiling machine began operating. The data from the tension sensor were
again collected by the computer, with the tension designated as F2. The average drag value
of the tractor at a stable driving distance was taken as the experimental result. Finally,
the tension obtained in the second experiment minus the tension obtained in the first
experiment was used as the resistance F3 of the subsoiling operation in the field experiment.
The formula used for this calculation is shown in Formula (2). Each experiment was
repeated three times, and then the average value of the subsoiling resistance was calculated
and taken as the final experimental result.

F3 = F1 − F2 (2)

The running speed was changed by adjusting the tractor’s gears. For all experiments,
the tractor’s forward speed was estimated by measuring the time required to travel a
certain distance (30 m) at a constant speed, and the average forward speed was always
measured to be 0.5–1.0 m/s. In addition, the working pressure was controlled by adjusting
the air pump’s pressure-regulating valve. The experimental process is shown in Figure 4.



Agronomy 2023, 13, 1079 7 of 20

Figure 4. Rear view of the pneumatic subsoiler during the trials.

In order to explore the disturbance effect of the pneumatic subsoiling shovel on the
soil, the soil disturbance area of the subsoiling shovel was measured, and the soil in the
furrow after subsoiling was removed in the stable tractor driving area. The profile shape of
the subsoiling shovel’s soil disturbance was measured by a rigid ruler and a soft ruler, and
the shape was drawn on graph paper to outline the soil profile, and then the area of soil
disturbance was calculated, as shown in Figure 5.

Figure 5. Surface disturbance of subsoiling. (a) Extraction method of disturbance surface, (b) render-
ing of subsoiling disturbance surface.

In this experiment, a simple randomized trial design was adopted, and 160 sets of
experiments were carried out with different working air pressures (Factor A; 0, 0.2, 0.4,
0.6 and 0.8 MPa), different working forward speeds (Factor B; 1.8, 2.3, 2.9 and 3.5 km/h),
depths (Factor C; 30, 35, 40 and 45 cm), and the bulk density and moisture content of the
two different soils (Factor D and Factor F) as the five effective independent variables to
measure the working resistance of the pneumatic subsoiler. See Table 2 for the selection of
the parameters.

Table 2. Selection of the experimental parameters.

Working Air Pressure
(MPa)

Working Speed
(Km/h) Depth (cm) Bulk Density (kg/m3) Moisture Content (%)

A [0, 0.2, 0.4, 0.6, 0.8] B [1.8, 2.3, 2.9, 3.5] C [30, 35, 40, 45] D [1180, 1580] E [23.8, 20.9]

2.3. Machine Learning Models

This section introduces the RF, XGBoost, BP and SVR models that were used in this
study and the methods for evaluating their performance. In this study, MATLAB R2019A
(Mathworks Inc., Natick, MA, USA) was used to establish the ML network models to predict
the tillage resistance of the pneumatic subsoiler. This software has powerful functions
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in the field of ML and has been widely used in various fields. The following is a brief
introduction to the models that were built. Figure 6 shows the overall method used for the
four models.

Figure 6. Working methodologies of the machine learning models.

2.3.1. RF model

Random forest (RF) is a specific implementation of the bagging method. It comprises a
large number of decision trees, which can be used for classification or regression problems.
Its mathematical equation is given in Equation (3) [37]. The basic principle of the RF model
uses multiple decision trees to realize its regression function. It uses random sampling to
extract a sample subset from all the training samples to generate a single decision tree. At
the same time, in the process of generating a single non-leaf node, the best partition feature
is selected from multiple randomly selected features. By repeating the above process,
multiple decision trees with different shapes can be generated to form a decision forest,
and the decision tree is pruned to improve generalizability. The original data were divided
into different subsets, where each subset had a prediction, and then the prediction results
of the various subsets were combined as the final output of RF. Thus, the random forest
method is more accurate than the results obtained by a single decision tree [38–40]. Since
the random forest method is insensitive to the noise in the dataset, it is best for dealing
with complex nonlinear relationships between features and outputs.

IG
(

Dp, f
)
= I
(

Dp
)
−
(Nle f t

Np
I
(

Dle f t

)
+

Nright

Np
I
(

Dright

))
(3)

where f is the segmentation feature; Dp, Dle f t and Dright are the parent objects; Nle f t and
Nright are the number of samples of the parent node; and I is the impurity.

2.3.2. SVR Model

In the discipline of machine learning, the support vector network is a supervised
algorithm for classification and regression. Support vector regression (SVR) applies the
support vector machine (SVM) to regression problems. SVM is known as a supervised
learning classification technology. It is based on statistical learning of the VC dimension
(Vapnik–Chervonenkis dimension) and structural risk minimization theory. It is a two-class
classification model, which mainly solves the linear classification problem with the largest
interval in the feature space. For the linear inseparability problem, the RBF kernel function
is used to map the low-dimensional data to a high-dimensional space, thus transforming
the linearly inseparable problem in the low-dimensional space into the linearly separable
problem in the high-dimensional space and then mapping it back to the low-dimensional
space by solving it [41,42]. SVR uses SVM to fit the curve for the regression analysis of the
data. The primary operations of SVR are as follows: given a training sample D, as shown
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in Equation (4), the process finds a regression model f(x) that is as close as possible to y; f(x)
is shown in Equation (5).

D = {(x1, y1), (x2, y2), · · · , (xm, ym)} yi ∈ R (4)

f (x) = wTx + b (5)

where x is the input dataset, w represents an N-dimensional vector, and b is the displace-
ment term. In this model, if f(x) and y are equal, the loss is zero. Support vector regression
assumes that the deviation between f(x) and y is, at most, ε. The loss is calculated if, and
only if, the absolute deviation between f(x) and y is greater than ε. An interval with a width
of 2ε is constructed with f(x) as the center. If the training samples fall into this interval, the
prediction is considered correct, and the regression estimation problem can be formally
transformed into the inference problem of the function y = f(x). The slack variable ξ and the
error penalty coefficient c are introduced to transform the multidimensional problem into
an optimization constraint problem.

2.3.3. BP Model

The BP neural network is generally made up of an input layer, a hidden layer and an
output layer, which is known as a multilayered feedforward neural network. Each layer has
multiple neurons, and each neuron is independent of the others. The input sample vector
is processed by the input layer and the hidden layer’s neurons, as shown in Equation (6),
and is outputted by the output layer’s neurons, as shown in Equation (7). The learning
process of BP is mainly through weight adjustment, and a BP neural network has a strong
self-learning capacity plus the ability to adapt [43,44].

hj = f

(
m

∑
i=1

wijPi + wijQi + bj

)
(6)

Qp =
n

∑
j=1

wjkhj + bjp (7)

where wij, bj, f, m, n, hj, Qp, wjk and bjp are the weight of the hidden layer, the bias of
the hidden layer, the activation function, the total number of input layers, the number of
neurons in the hidden layer, the output of the hidden layer, the output of the output layer,
the weight of the output layer and the bias of the output layer, respectively [45].

2.3.4. XGBoost Model

Extreme gradient boosting (XGBoost) is known as an ensemble learning algorithm
that has been optimized and improved on the basis of the gradient-boosted decision
tree (GBDT) [46]. The basic idea is to fit the residual of the previous weak evaluator by
iteratively generating new weak evaluators, assigning specific weights to the generated
weak evaluators in each iteration, and then aggregating them into a strong evaluator
for prediction. XGBoost is an additive model comprising multiple decision trees [47].
XGBoost introduces regularization to control the complexity of the model, prevent over-
fitting problems, support parallel processing and greatly improve the running speed of the
algorithm. The formula is given in Equation (8).

ŷt
i =

t

∑
k=1

fk(xi) = ŷt
i + ft(xi) (8)

where ŷt
i is the predicted value of sample i at step t of the model, and ft(xi) is the value of

the decision tree for sample i at step t.
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2.4. Training of the Network Models and Evaluation of Their Performance

In this study, the RF, XGBoost, SVR and BP regression models were applied to forecast
the resistance of pneumatic subsoiling. For each model, a grid search approach is applied to
adjust the parameters to advance the performance of the models in terms of generalization.
The example with the optimal parameters was applied to the training and testing datasets.

In order to find the machine learning model that was most suitable for predicting the
resistance of pneumatic subsoiling, we evaluated the network performance and the accuracy
of the selected models. For the evaluation of the network performance and accuracy, three
indexes (the coefficient of determination (R2), root mean square error (RMSE), and mean
absolute percentage error (MAPE) were applied. The R2 is generally between 0 and 1,
with values closer to 1 indicating a better fit between the measured and predicted values,
and thus the model makes better predictions. The RMSE is the square root of the ratio
of the squared deviation between the predicted value and the true value and the number
of data groups, which estimates the changes in the expected value and true value. It is
sensitive to outliers in the data. When the RMSE is lower, the model’s performance is better,
and the greater the prediction error, the greater the RMSE value [48]. MAPE is equivalent
to normalizing the error at each point, reducing the impact of the absolute error from
individual outliers. MAPE uses a percentage to measure the size of the deviation, which is
easy to understand and interpret [49,50]. Predictions become more accurate as the MAPE
value becomes smaller, and generally, a model is better when the MAPE value is no more
than 5%. The range of MAPE is [0, +∞), with 0% indicating a perfect model and a MAPE
greater than 100% indicating a poor model. The formulas for R2, RMSE and MAPE are
given in Equations (9)–(11).

RMSE =

√
∑k

i=1(A− A∗)2

m
(9)

R2 =

 m ∑ A·A∗ − (∑ A)(∑ A∗)√
m(∑ A2)− (∑ A)2

√
m(∑ A∗2)− (∑ A∗)2

2

(10)

MAPE =
1
m

m

∑
i=1

(∣∣∣∣A− A∗

A

∣∣∣∣) (11)

where k is the total number of samples, m is the number of datasets on the resistance of
pneumatic subsoiling, A is the observed value, and A* is the predicted value of the model.

3. Results and Discussion
3.1. Comparison of Resistance in Field Trials

According to two field experiments with different bulk density and moisture content
levels, 160 groups of tillage resistance with various assorted working air pressures, depths
and forward speeds were measured. The tillage resistance data were collected by the trac-
tion pressure sensor. According to the collected data, the tillage resistance was effectively
reduced by pneumatic subsoiling. The forward speed was changed under five working air
pressure conditions and compared with depths of 30 cm, 35 cm, 40 cm and 45 cm. As shown
in Figure 7a,b, the effects of reducing the traction resistance were different at different tillage
depths, forward speeds and working air pressures. Under the conditions of the exact same
depth and speed, an increase in the working air pressure led to a decrease in the resistance
of cultivation, and the resistance of cultivation reached a minimum of 0.8 MPa. When
the depth of subsoiling was 30–40 cm, the resistance increased nearly linearly; when the
depth was 40–45 cm, the resistance fluctuated irregularly for a short time. The experimental
results show that the depth, forward speed and working air pressure significantly affect
the tillage resistance of subsoiling, and there was an interaction among them.
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Figure 7. Resistance data at different speeds, depths and working air pressures. (a,b) indicate data
from the Liaoning and Hebei test fields.

After the subsoiling operation was completed, the surface disturbance of the subsoiling
was measured using a steel ruler and other devices, as shown in Figure 8. In the test field of
Hebei province, the depth of deep loosening was 40 cm, the working speed was 1.8 km/h,
the working pressure increased from 0 Mpa to 0.8 Mpa, and the area of surface disturbance
increased.

Figure 8. Disturbance profile of subsoiling. (a–e) are disturbance profiles corresponding to 0.8, 0.6,
0.4, 0.2 and 0 Mpa.
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3.2. Results and Evaluation of Resistance Predictions

According to the experimental measurement and a literature search, the resistance
of pneumatic subsoiling tillage is related to many factors, and the relationships among
them are mostly complex, and it is difficult to find out their linear relationships. According
to a large number of previous studies and field experiments, the aspects influencing the
tillage resistance of pneumatic subsoilers were selected as the input indicators to establish
a sample dataset. To acquire reliable predictions, the original 160 groups of sample sets
were randomly disordered, the first 80 groups were used as the training set, and the
last 20 groups of data were taken as the test sets. Firstly, the model for predicting the
resistance of pneumatic subsoiling based on these four models was constructed. During the
construction of the prediction model, the data were normalized to eliminate the influence
of the different parameters on the model. Then, the training set was applied for learning,
and finally, the test set verified the learned model.

These four models predicted the value of subsoiling resistance. Figure 9a–d illustrate
the fitting curves of the predicted resistance values found when training these models
and the field measurements. By comparing the fitting curves of the four models, it is not
difficult to observe that the predicted values of the RF, BP, XGBoost and SVR models used
for training almost matched all the observed trend lines, and the prediction effects of the
four models were very good, although SVR showed relatively poor performance. The
fitting curve between the expected value of the test input and the actual measured value
is shown in Figure 10a–d. By observing the fitting curves of the four models, we found
that, compared with the fitting curve of the training set, the prediction effect of the test sets
became worse, and the RF and XGBoost models had the best fitting effects.

Figure 9. Fitting curves of the field measurements and predicted resistance values outputted by the
four models when the models had been trained. (a–d) respectively show the fitting curves of RF,
XGBoost, BP and SVR.
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Figure 10. Fitted curves of the field measurements and predicted resistance values outputted by the
four models when testing the models. (a–d) respectively show the fitting curves of RF, XGBoost, BP
and SVR.

The network regression plots of the predicted values when training and testing the
model versus the actual measured values are plotted in Figures 11a–d and 12a–d. According
to these observations, it can be inferred that, compared with the other three models, the
predicted values of RF for training and testing were closer to the true values, the error of
these data compared with the true values was small.

Figure 11. Cont.
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Figure 11. Regression plot of the resistance predicted by the training model against the field measure-
ments. (a–d) represent the RF, XGBoost, BP and SVR network models.

Figure 12. Regression plot of the resistance predicted by the testing model against the field measure-
ments. (a–d) represent the RF, XGBoost, BP and SVR network models.

After the calculation of the parameters above, the measured results of the performance
evaluation coefficients of the four models are shown in Table 3. Through a comparative
analysis, it could be seen that the RMSE, R2 and MAPE values of RF, XGBoost and BP in
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the training set prediction model were equivalent, while the R2 value of the SVR training
set prediction model was smaller than that of the first three models; the first three models’
MAPE and RMSE values were not as large. Therefore, the first three models within the
training set prediction models were better than the SVR model. For the test set predictions
of the RF, XGBoost and BP models, the RF model had the largest R2 value, while the MAPE
and RMSE values were the smallest. Each performance evaluation coefficient was drawn
and compared in a radar chart, as shown in Figure 13, which clearly showed that the RF
model had the highest prediction accuracy. For the training set predictions, the RF, XGBoost
and BP models had the same prediction accuracy, the SVR model had the lowest prediction
accuracy, while the RF model had the highest accuracy in the test set predictions. This
comprehensive analysis showed that the RF model had a good learning ability, the highest
prediction accuracy and a small error value.

Table 3. The average accuracy of the SVR, XGBoost, RF and BP models for training and testing.

Algorithm Training Testing

R2 RMSE MAPE R2 RMSE MAPE
SVR 0.9702 4.03 0.041 0.9344 7.02 0.0602

XGBoost 0.9971 2.25 0.0117 0.9840 4.94 0.0282
RF 0.9970 2.26 0.012 0.9954 3.61 0.014
BP 0.9943 2.66 0.017 0.9879 4.60 0.0226

Figure 13. The three performance evaluation coefficients, plotted and compared in radar plots 3.
Importance of the key factor indicators and correlation analysis.

In order to explore the crucial aspects that affect the resistance of pneumatic subsoiling,
the OBB error rate index of the RF algorithm (out-of-bag data) was used to evaluate the
importance of the parameters. The importance scores of each parameter are shown in
Figure 14. As the scores become higher, the influence of the parameter on the resistance
becomes greater. Pearson’s correlation was used to analyze the correlations among the
variables to verify the accuracy of the RF assessment. The range was between −1 and 1,
and the values closer to 1 represented a higher degree of correlation. On the contrary, a
value closer to −1 indicates a higher degree of negative correlation. The results are shown
in Figure 15. The working air pressure and moisture content were negatively correlated
with resistance, while the other factors were positively correlated with resistance. The
resistance became smaller when the working air pressure rose, and the greater the moisture
content, the smaller the resistance; moreover, the greater the forward speed and soil bulk
density, the greater the resistance.
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Figure 14. Evaluation of the importance of the parameters by RF, where pressure represents the
working air pressure, speed represents the forward speed, DBD represents the soil bulk density, DB
represents the soil moisture content, and depth represents the working depth.

Figure 15. Pearson’s correlation coefficient was used to analyze the correlations among the variables,
where pressure represents the working pressure, speed represents the forward speed, DBD represents
the soil bulk density, DB represents the soil moisture content, and depth represents the working depth.

By comparing and analyzing Figures 14 and 15, we found that the results of the RF and
Pearson correlation analysis were basically the same, and the corresponding importance
rankings were also the same, which also confirmed that the RF method is reliable for
predicting the resistance of pneumatic subsoiling. Since the correlation coefficients between
the input dimensions were all less than 0.6, they were not closely related to each other,
proving that RF could exclude other unfavorable factors.

The ranking of the factors affecting the resistance of pneumatic subsoiling tillage
according to importance was as follows: soil bulk density, depth, working air pressure,
working forward speed and soil moisture content. For optimizing the resistance of pneu-
matic subsoiling tillage, the influence of soil bulk density, depth and working air pressure
should be given priority. This is shown in Figure 14.

The correlation coefficients of working pressure, forward speed and soil moisture
content with resistance were less than 0.5, while the correlation coefficients of soil bulk
density and depth with resistance were between 0.5 and 0.6, indicating that there was
not a simple linear relationship between the first three and resistance, while there were
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simple linear relationships between both soil bulk density and depth and resistance. At
the same time, this demonstrated the feasibility of using RF to forecast complex, nonlinear
relationships.

According to the evaluation of the RF model regarding the importance of the subsoiling
parameters, the two key factors with the greatest influence on resistance were selected
from 160 sets of data in two experimental fields, and the corresponding three-dimensional
diagram of resistance is drawn, as shown in Figure 16. As the depth decreased, the
resistance fluctuated after a sharp decrease and then decreased again. With an increase
in the working air pressure, the resistance gradually decreased and underwent a slight
oscillation in the middle. The subsoiling resistance was the least when the depth was 30 cm,
and the working air pressure was 0.8 MPa. This indicated that the RF model was reliable
for evaluating the importance of the parameters of subsoiling.

Figure 16. Cloud plot of all data at different working depths and working pressures.

4. Conclusions

This study proposed the use of machine learning algorithms to analyze a pneumatic
subsoil tillage machine. The intelligent algorithm based on the mix ratio was used to predict
the tillage resistance of the pneumatic subsoiling machine and determine the important
factors affecting the resistance. Based on the data obtained from two experimental fields
with different levels of bulk density and moisture content, the RF, XGBoost, BP and SVR
network models were constructed to predict the resistance of pneumatic subsoiling tillage.
The model’s input parameters were moisture content, tractor speed, bulk density and
depth, and the output parameter was the resistance of pneumatic subsoiling. After training
and testing the models, the predictions of the four models were evaluated. The results
showed that the RF algorithm had the greatest prediction accuracy, and the R2, RMSE
and MAPE values of the training set were 0.9970, 2.26 N, and 0.012, and those of the test
set were 0.9954, 3.61 N, 0.012, respectively. Compared with the other three prediction
algorithms, RF was better in terms of all the indicators. Hence, the RF model established
in this study had high accuracy for forecasting the tillage resistance of the pneumatic
subsoiler and solved the problems of low accuracy and the poor generalizability of the
previous models. Secondly, the RF model was used to sort the importance of variables
and calculate the correlation indexes among the parameters. The results showed that soil
bulk density had the greatest effect on the resistance of subsoiling, the subsoiling depth
had the second greatest effect, the effect of the working air pressure ranked third, the effect
of the working speed ranked fourth, and the soil moisture content had the least effect. At
the same time, the model could predict the nonlinear mapping relationships between the
resistance and the operating parameters. Finally, by combining the field measurement data
and the contour of the surface disturbance, the comparative analysis showed that with an
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increase in the working air pressure, the resistance gradually decreased, and the area of
disturbance gradually increased. It was verified that the effect of subsoiling was better
when the pressure increased under the same conditions. Compared with conducting a large
number of field experiments for analyzing the resistance, using the RF model to model and
predict the resistance can save working time, labor and material resources.

There are still some shortcomings in this study. It did not take into account the
oxidation effect of organic matter due to the injection of a large amount of air during the
use of the pneumatic subsoiler, as well as the impact of changes in the soil environment on
microbial communities and their effects on crops. Therefore, an experiment was conducted
by planting crops in the trial field that was deep-tilled with the pneumatic subsoiling
shovel and comparing their growth with those planted in traditionally tilled farmland in
order to investigate both the changes in soil environment caused by pneumatic subsoiling
and its effects on plant growth. It is known that the RF algorithm has a better effect with
more samples; however, the number of samples in this study was relatively small [51,52].
Therefore, in the future, more samples should be considered for building a model with high
accuracy and generalizability. In addition, the RF model can only predict resistance from
the input parameters and cannot directly predict the best working conditions according
to the optimization of the parameters. Therefore, a new goal is to establish an intelligent
optimization model for different soil characteristics and subsoiling operation requirements.
On the basis of the optimal design and mix ratio, the efficiency of the pneumatic subsoiling
machine could be improved.
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