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Abstract: Soil degradation is an increasing problem in Turkey, especially in the Middle Anatolia
region where the annual precipitation is approximately 300 mm, resulting from conventional farming
methods. To address this issue, the artificial neural networks (ANNs) are used, as they are flexible
mathematical tools that capture data. This study aims to investigate the relationships between dust
emission (PM10) and the mean weight diameter, shear stress, and stubble amount of the soil, which
were measured in eight different tillage practices (conventional tillage, six types of reduced tillage,
and direct seeding). The results show that the mean weight diameter, shear stress, and stubble amount
of the soil varied between 4.89 and 14.17 mm, 0.40–1.23 N·cm−2, and 30.5–158 g·m−2, respectively,
depending on the type of tillage works. Additionally, dust emissions generated during different
tillage applications ranged from 27.73 to 153.45 mg·m−3. The horizontal shaft rototiller produced the
highest dust emission, approximately 150% higher than those of disc harrow and winged chisel plows.
The impact of tillage practices on dust emission was statistically significant (p < 0.01). A sophisticated
3-(7-7)-1 ANNs model using a backpropagation learning algorithm was developed to predict the
concentration of dust, which outperformed the traditional statistical models. The model was based
on the values of mean weight diameter, shear stress, and stubble amount of the soil after tillage. The
best result was obtained from the ANN model among the polynomial and ANN models. In the ANN
model, the coefficient of determination, root mean square error, and mean error were found to be 0.98,
6.70, and 6.11%, respectively. This study demonstrated the effectiveness of ANNs in predicting the
levels of dust concentration based on soil tillage data, and it highlighted the importance of adopting
alternative tillage practices to reduce soil degradation and dust emissions.

Keywords: soil tillage; dust; PM10 emissions; health; erosion; neural networks; model

1. Introduction

Traditional agriculture, which includes burning crop residues, and deep tillage for
weed control, generally harms the environment. Tillage is a substantial cause of particulate
matter (PM) released from the soils. Dust particles significantly affect the climate system’s
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carbon, energy, and water cycles. The emitted and deposited dust particles participate in a
range of physical, chemical, and bio-geological processes that interact with energy, carbon,
and water cycles. Improper tillage techniques contribute to the increase of soil erosion and
can cause various types of degradation processes in agricultural areas [1,2].

Particulate matter originating from human and machine activities (PM10) is a serious
subject that challenges the sustainable agriculture. Being a source of both physical and
emotional disturbance, they are also a major cause of respiratory diseases, poisoning,
and allergic reactions. Krasnov et al. (2015) [3] reported that during dust storms, the
concentrations of dust particles with an aerodynamic diameter less or equal to PM10 in arid
areas can exceed the WHO guideline for air quality.

Sustainable agriculture emphasizes the agricultural production while considering
environmental entities—namely soil, water, and air—and safeguarding the well-being of
people, plants, and animals [4,5]. Due to lower population densities and fewer industrial
pollution sources, rural areas have lower particulate matter densities than the metropolitan
ones. Nevertheless, the densities of particulate matter created during agricultural processes
can surpass the limit values (50 mg·m−3 as an annual average). As stated in study [6],
in agriculture and agri-businesses, dust is a major cause of respiratory allergies, and of
the disease called farmer’s lung (extrinsic allergic alveolitis). The main aim of sustainable
agriculture is to protect the ecological balance as much as possible, while also maintaining
soil functions [7,8].

Particulate matter exists in a wide range of sizes and is distinguished by its aerody-
namic sizes. Depending on their sizes, particles with an aerodynamic diameter smaller than
10 µm (PM10) are regarded as harmful particles that enter the human body through the
respiratory tract. While the term “coarse particle” refers to larger particles, the particulate
matter with a diameter smaller than 2.5 µm (PM2.5) is regarded as “fine particle”. It was
found that excessive dust usually occurs when working with different agricultural and
forestry machines; dust concentrations outside the cabin during tillage works ranged be-
tween 2.1 and 577 mg·m−3 [9]. In addition, it was found that dust concentrations are very
high if the temperature is typically high, and dust always causes irritations, unfavorable
conditions, and indirect health hazards.

Atiemo et al. (1980) [10] investigated dust concentrations in the cabins of combine
harvesters and three different tractors: without a cabin, with a factory cabin, and with
a cabin added later, in tillage, seeding, fertilization, spraying, baling, and harvesting
processes. The authors reported that environmental factors such as wind speed, soil
moisture, soil composition, relative humidity, temperature, and soil cover affect dust
formation in agricultural studies. The respirable dust concentrations formed in the cabins,
and the dust concentrations formed in the outdoor environment were compared. Dust
concentrations formed in the external environment ranged between 34 and 195 mg·m−3,
and dust concentrations formed in the cabin were 0.03–2.63 mg·m−3, respectively.

Aimar et al. (2011) [11] assessed the effects of soil moisture, textural fractions, and
organic matter of sandy-loamy-sandy soils on PM10 in wind tunnel simulations. The
maximum PM10 emissions were found in soils with high silt contents. Even when silt
contents were high, lower PM10 emissions were obtained because of high organic matter
(OM) contents.

Some applications that could be an alternative to conventional tillage to reduce PM10
emission during summer fallow were studied by Sharratt et al. (2010) [12]. It was deter-
mined that PM10 flow decreased with the decrease in tillage intensity. In comparison to
reduced or delayed-minimum tillage, conventional tillage generally resulted in higher
PM10 flux, while no tillage resulted in the lowest change of PM10.

Working with tractors and combine harvesters in the Eastern Mediterranean re-
gion, Aybek and Arslan (2007) [13] determined the dust levels formed during some
agricultural operations. According to their investigation, the average dust levels were
137.95 mg·m−3, 83.57 mg·m−3, 80.28 mg·m−3, and 88.8 mg·m−3 when working with trac-
tors without a cab in the operations of pulling, floating, making the arc, and using the baler
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and straw-making machines; 5.6 mg·m−3, 6.6 mg·m−3, 6.4 mg·m−3, and 3.7 mg·m−3 in trac-
tors with a later cabin; and in tractors with an original cabin, it was found as 1.10 mg·m−3,
1.6 mg·m−3, 3.2 mg·m−3, 1.35 mg·m−3, and 1.4 mg·m−3, respectively. Moreover, the aver-
age dust concentrations formed during combine harvesting were found to be 106.9 mg·m−3

in the combined harvesters without a cabin, 4.7 mg·m−3 in the later cabin combines, and
1.43 mg·m−3 in the original cabin combines.

Measured PM10 emission factors for harvesting and tillage in several row crops were
determined by Cassel et al. (2003) [14]. Emission factors were verified by real-time remote
particle-sensing techniques and were further parameterized by measurement uncertainties
and repeated measurements. In determining the PM10 emission factors for similar activities
under varying field conditions, the effect of soil moisture and relative humidity on sea-
sonality and crop specificity was found to be significant. Chen et al. (2017) [15] measured
the emission factors of PM10 and PM2.5 from three field operations (tilling, planting, and
harvesting) in corn and soybean production, using real-time PM analyzers and weather
station data. PM10 and PM2.5 emissions from tillage and harvesting were estimated based
on local emission factors, crop areas, and crop calendars. Emission factors ranged from
9 and 119 mg·m−2 for tillage, and 18–33 mg·m−2 for soybean and maize harvests in rela-
tively dry conditions. PM emission factors from tillage and planting were adversely affected
by topsoil moisture. Another study on dust emissions from soil aggregates of different sizes
found that PM10 emission was associated with salinization and breaking of aggregates. At
wind shear speeds of 0.24–0.52 m·s−1, saltator-sized (125–500 µm) aggregates caused dust
formation by the aggregate fragmentation mechanism. A higher shear speed is required in
larger aggregates to cause breakage and dust emission [16].

A two-dimensional model for particulate matter (PM) dispersion showed the emitted
particulate matter flows for different wind speeds and soil conditions, with a portable
boundary layer wind tunnel, and it conducted field tests at a dust source location. The
wind speed profiles, applied in the simulations, were fitted from the data obtained by
field measurements. In numerical simulations, the size distribution of dust particles was
evaluated using the Monte Carlo method. Under low-friction velocity (0.27 m·s−1) and
undisturbed soil conditions, dust emissions from the semi-arid region’s bare and dry loose
soil area were of 17.1 mg·m−2·min−1 on the ground. The results were of approximately
2.5 mg·m−3 and 4.5 mg·m−3 for PM10 and PM5, respectively, at the monitoring station
found at 10 m altitude [2].

Carman et al. (2016) [17] concluded that PM10 concentration for seven different tillage
applications in clay-loam soil conditions generally increased with the intensity of tillage
operations. They examined the relationship between the wind erosion rate and dust
concentration using artificial neural networks (ANNs) and discovered that the ANNs
model consistently provided better predictions. Eight models were developed by Mikailsoy
et al. (2018) [18] to predict the rates of wind erosion. The estimated data from these models
and the measured data were in good agreement, and the root mean square error (R2) values
varied between 92.52 and 93.74%.

No-till and conservation-till practices have been advocated for the drylands in Middle
Anatolia. No-till fallow, where herbicides are used in lieu of tillage to control weeds, is ideal
for erosion control and is used by an increasing number of dryland farmers despite being
generally less efficient than tillage-based fallow for retention of stored seed-zone soil water.
A method for conservation tillage in this region consists in using a vertical cutter (chisel)
implement as an alternative to the conventional plough implements. The vertical cutter
has wide, narrow-pitch sweep blades that slice beneath the soil at a desired depth to create
a tillage mulch and retains significantly more surface residue and soil clods compared to
conventional tillage methods [19].

There is a severe threat of erosion over about 40% of Turkish agricultural lands. In
Central Anatolia, erosion is still prevalent at a rate of 420 million tons per year, due to
inappropriate soil tillage and agricultural implementations [20]. Dust has become one
of the leading daily environmental problems for the people living in the region. As 90%
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of the soils in the Central Anatolian region are degraded, dust storms are created both
during agricultural activities and by wind erosion. The resulting dust adversely affects
both human health and logistics on the roads in the region.

The objectives of this research can be stated as follows:
1. Evaluation of the effect of some physical properties that define the eroding ability of

the soil on dust concentration in different tillage applications. Evaluation of conventional
and conservation agricultural techniques applied in agricultural production in Middle
Anatolia in terms of their effects on dust emission.

2. Investigating the ability of ANNs and empirical model approaches for predicting
dust concentration.

3. Comparison of the accuracy of dust concentration predictions using ANNs and
empirical models based on statistical parameters.

2. Materials and Methods

The experiments were carried out in the Sarıcalar Research and Application farm of
the Selçuk University Faculty of Agriculture in Konya (41◦82′27′′ N, 45◦60′15′′ E). Land
degradation processes are more prominent in Konya, where arid and semi-arid climatic con-
ditions prevail. The region’s average temperature is 11.4 ◦C, the average total evaporation
is 1033 mm, and the average precipitation is around 300 mm [21].

Agricultural areas in the basin cover 12% of Turkey’s agricultural areas, and irrigated
areas represent 17% of Turkey’s irrigated areas. Agricultural irrigation comprises 90% of
the water used in the basin, hence its situation puts an intense pressure on groundwater
available resources, which are decreasing drastically [21].

Experiments were carried out during the years 2013 (the first year) and 2014 (the
second year). The plots containing different treatments were 200 m long (from east to west)
and 5 m wide (from north to south). Soil samples taken from the field were passed through
a 2 mm sieve, and soil texture was determined according to the Bouyoucos hydrometer
method [22].

2.1. Soil Properties

Soil texture of the experimental fields covering stubble was clayey-loamy (36% clay,
40% loam, and 24% sand, respectively), according to the FAO soil classification. The “Smith
Weldon” method, which is based on the oxidation of organic matter, was used to determine
soil organic matter [23].

Soil moisture content was determined by means of a time domain reflectometer (TDR
300) with 12 cm rods. Some physical properties of the soil in the area under experiment,
before tillage, are presented in Table 1.

Table 1. Some physical properties of the soil in the experimental area.

Soil Property First Year (2013) Second Year (2014)

pH 8.20 8.14
Organic matter (%) 1.51 1.67

Moisture content (%) 14.90 17.40
Bulk density (0–20 cm) (g·cm−3) 1.59 1.43

Penetration resistance (0–20 cm) (MPa) 2.10 2.55
Shear stress (N·cm−2) 2.33 2.06

Stubble amount (g·m−2) 154 232

2.2. Tillage Practices

Soil tillage practices were carried out in the first and second years, respectively, on
20–21 October 2013 and 27–28 October 2014. The experiment was set up in a randomized
complete block trial design with three replications. Each parcel size was 200 × 5 m. The
experiments were carried out for eight tillage applications (Table 2).
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Table 2. Tillage treatments.

Treatment Machine-Tool

(CT) Conventional tillage Moldboard plow and cultivator-float (two times)
(RT1) Reduced tillage Winged chisel plow-float
(RT2) Reduced tillage Heavy disc harrow
(RT3) Reduced tillage Alternative moving rototiller-float
(RT4) Reduced tillage Horizontal shaft rototiller (L-type foot)-float
(RT5) Reduced tillage Vertical shaft rototiller-float
(RT6) Reduced tillage Horizontal shaft rototiller (I-type foot)-float

(NT) No tillage Direct seeding

Some technical features of the equipment used in the experiments are presented
in Table 3.

Table 3. Technical features of the equipment used in the tests.

Machine-Tool
Working

Width
(cm)

Working
Depth
(cm)

Number
of Cultivating

Organs

Working
Speed

(km·h−1)

Horizontal shaft rototiller (L-type foot)-float 250 12 11 4.2
Vertical shafted rototiller-float 215 18 8 3

Moldboard
Cultivator-float

120
210

22
12

4
11

5.5
7

Winged chisel-float 215 22 7 2.8
Heavy disc harrow (Double acting) 225 14 22 3.8
Alternative moving rototiller-float 182 22 8 1.8

Horizontal shaft rototiller (I-type foot)-float 190 17 36 3.85
Direct seeding 162 5 12 6.0

2.3. Measurement of Dust Emissions

Thermo-Scientific MIE pDR-1500 portable dust measurement devices were used for
the measurements of dust emissions (PM10). The dust emission measuring range of the
device is 0.001–400 mg·m−3, the particle size range is 0.1–10 µm, and the airflow range
is 1.0–3.5 L·min−1, respectively. For the eight equipment used in tillage, dust emission
measurements were performed with the device connected to a special apparatus at 1 m
behind and 1 m high from the ground.

This study is based on particle size distribution. Samples were taken after tillage from
depths of 0 to 20 cm. Different sub-samples were obtained from the cultivated soil to reveal
the effect of particle size distribution on dust concentration. Soil samples were air-dried
for each treatment to determine the mean weight diameter of soil particles. Samples were
sieved through 40, 20, 16, 8, 4, and 2 mm sieves, and then divided into seven fractions,
which were further weighed separately, in order to obtain the percentage values.

The following equation was used to calculate the mean weight diameter (MWD) [24]:

MWD = ∑ XiWi (1)

where Xi is the mean diameter of each size fraction (mm), and Wi is the proportion of the
total sample weight occurring in the corresponding size fraction (g).

A winged cutting tool with a diameter of 10 cm and height of 12 cm was used in order
to determine the shear stress of the soil. The torque arm attached to the tip of the blade
cutter had a measuring range of 0–80 Nm. After tillage, the measuring tool was driven
at 0–20 cm into soil profile. The torque applied by the bladed cutters along a cylinder
surface was read analogously from the indicator on the torque meter arm. The torque value
that emerged due to the winged cutting device cutting the soil circularly was evaluated.
Measurements were made in five replications in each application plot.
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The maximum torque was obtained as shear resistance using the following
equation [25]:

τ =
T[

πd2
(

h
2 + d

6

)] (2)

where τ is shear resistance, d is the diameter of the winged cutting tool, h is the height
of the winged cutting tool, and T is the measured torque. In determining the amount of
stubble, a frame measuring 1 m2 was placed on each application parcel after tillage, and
the stubble that was collected by cutting the stubble from the soil level in the frame was
weighed. The weighing was carried out in five replications in each application plot, and
the amount of stubble (g·m−2) was determined.

2.4. Artificial Neural Networks

The ANNs model was developed using the MATLAB NN Toolbox software. For the
ANNs model, 48 data were used. These data are normalized between 0 and 1 [26].

The following equation was used for normalization:

ynor =
y− ymin

ymax − ymin
(3)

The ‘y’ real value was calculated from the same formula to obtain the real values from
the normalized values.

Data used in this study were divided into two training and test datasets. Of the
48 data, 36 were in the training set and 12 in the test set. As input data, the shear stress of
the soil, mean weight diameter of the soil, stubble amount, and dust emissions values were
used as output data. In the ANNs model, the network structure was designed as 3-(7-7)-1
with an input layer, two hidden layers, and an output layer (Figure 1). As the transfer
function, purelin was used in the first hidden layer and logsig in the second hidden layer,
and tansig functions were used in the output layer. For the network, the lowest training
error was obtained at the epoch number of 220. R2 and RMSE values in the training set
were found to be 0.99 and 3.21, respectively.
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Figure 1. The structure of the ANNs model.

A Multilayer Perceptron network structure was used in the ANNs model, Feed For-
ward Backpropagation [27]. The Levenberg-Marquardt (LM) algorithm was preferred as
the training algorithm [28,29].
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The network was trained until the test error reached the desired tolerance value. After
the training was completed, the network was tested with test data [30].

2.5. Polynomial Models

Let us assume that we have n measurements obtained through observations or ex-
periments [(x11, x21, x31); u1], . . . , [(x1n, x2n, x3n); un]. Using these data, our purpose is to
determine the analytical statement of the equation that is closest to reality and represents
the measurement results of [(x1i, x2i, x3i); ui]. Here, the xi values represent the abscissa,
whereas the yi values represent the ordinate in the coordinate system. In general, a method
known in mathematics as the approximation theory is used to determine the analytical
statement of such experimental models. Investigation using polynomials offers enormous
ease, as many characteristics of polynomials are sufficiently known; moreover, they can
represent functions and be used as a substitution. Thus, if a polynomial form has been
selected for p(x1,x2,x3), the expression of the function f(x1,x2,x3) using p(x1,x2,x3) is called
polynomial interpolation.

Polynomials are the simplest functions; polynomial interpolation functions are typi-
cally represented as p(x1,x2,x3). It is well known that a function whose values are discrete
points can be defined approximately using a polynomial or another function that passes
through these points.

The prediction model was developed according to the traditional methods of the dust
emission rate by using the Statistica program, version 5. The shear stress of soil (x1), mean
weight diameter of soil (x2), and stubble amount (x3) were used as variables.

An approximation function, which needs to be determined for the function f, is given
below in general terms:

ũ = f
(→

a ;
→
x
)
= f

(
a1, a2, . . . , am; x1, x2, . . . , xp

)
(4)

where a1, a2, ..., and am are parameters that must be calculated to identify the best approxi-
mation. To obtain simple approximation functions:

ũ = a0·ϕ0
(

x1, x2, . . . , xp
)
+ . . . + am·ϕm

(
x1, x2, . . . , xp

)
=

m

∑
i=0

ai·ϕi
(
x1, x2, . . . , xp

)
(5)

Regression analysis is one of the most common statistical methods used in constructing
mathematical relationships based on experimental data. Regression functions are often
built in the polynomial function class, and the coefficients of polynomials are determined
by the least squares method (LSM). We used polynomial models to make our experimental
data’s mathematical dependencies (Table 4).

Table 4. Models used in this study.

Models pq * Polynomial Models

1 4 ũ = a0 + a1x1 + a2x2 + a3x3
2 7 ũ = a0 + a1x1 + a2x2 + a3x3 + b1x1x2 + b2x1x3 + b3x2x3
3 7 ũ = a0 + a1x1 + a2x2 + a3x3 + c1x2

1 + c2x2
2 + c3x2

3
4 8 ũ = a0 + a1x1 + a2x2 + a3x3 + b1x1x2 + b2x1x3 + b3x2x3 + d1x1x2x3
5 8 ũ = a0 + a1x1 + a2x2 + a3x3 + c1x2

1 + c2x2
2 + c3x2

3 + d1x1x2x3

* pq (parametric quantity) is the number of parameters in the empirical model.

When dealing with multiple models, the question is how to find the best model among
competing models. Depending on the structure of the models, different statistical criteria
can be used to find the best model. To compare the models, we used six comparison criteria.
These criteria are given below.

R—Pearson’s correlation coefficient [31]
R2

adj—Adjusted coefficient of determination [32]
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σ—Root mean squared error (RMSE) [33,34]
D—Willmott’s index of agreement [35]
c = rD—the confidence index [36]
UIII—Normalized standard error, or Theil’s U Statistic [32].
When models are nested, any of these criteria are applicable [34]. In this paper, the

models we consider are nested.
The values of the coefficients of five nested polynomial models and their statistical

parameters, calculated using the implementation of the Levenberg-Marquardt method, are
given in Table 4 for predicting and for the purpose of selecting the best model.

The models are compared using the values of these criteria. The best model is selected,
and the dust emission is predicted from the selected best model. When considering the
resulting values of the indicators presented in Table 4, it becomes clear that Model 4 is more
adequate, giving the best result for each criterion.

Table 5 shows that the polynomial Model 4 gives the minimum value for the statistical
parameters (RMSE, UIII) and the maximum value for (r, R2

adj, D, c). Therefore, this model
is more accurate than other models.

Table 5. Different polynomial models and their calculated coefficients.

Model Number

Model 1 Model 2 Model 3 Model 4 Model 5

df 4 7 7 8 8
pq 32 29 29 28 28
a0 193.0677 265.7917 252.6600 107.1924 243.0435
a1 29.3064 −10.9065 −28.8534 339.6165 −9.6697
a2 −0.2001 −0.2743 −0.3409 1.7492 −0.1567
a3 −13.0701 −27.4074 −21.8174 −12.5209 −21.0499
b1 - −1.2356 - −5.8664 -
b2 - 12.6075 - −19.5877 -
b3 - 0.0993 - −0.0476 -
c1 - - 24.0635 - −5.6679
c2 - - 0.0007 - −0.0015
c3 - - 0.5695 - 0.4593
d1 - - - 0.3615 0.0260
R 0.7901 0.8146 0.8107 0.8387 0.8112

R2
adj 0.5891 0.5939 0.5864 0.6293 0.5726
σ 28.75 28.58 28.85 27.31 29.33
D 0.8734 0.8905 0.8880 0.9073 0.8883

c = rD 0.6901 0.7254 0.7199 0.7609 0.7206

df: degree of freedom, pq: the number of parameters in the empirical (polynomial) models. Statistical values of
polynomial models (for n = 36 observations).

2.6. Evaluation of Model Performance

To evaluate the performance of the results obtained with both ANNs and polynomial
models, root mean square error (RMSE), coefficient of determination (R2), and relative error
(ε) were utilized and calculated using the following equations [17,37]:

RMSE =

(
1
m ∑m

i=1(x1i − xi)
2
)1/2

(6)

R2 = 1−
(
∑m

i=1(x1i − xi)
2
)

/
(
∑m

i=1(x1i)
2
)

(7)

ε =
100
m ∑m

1

∣∣∣∣ x− x1

x

∣∣∣∣ (8)
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where RMSE is the root squared mean squared error, R2 is the coefficient of determination,
ε is the relative error, m is the number of data points, x is the measured value, and x1 is the
predicted value.

3. Results and Discussion

The variations in mean weight diameter of soil, shear stress, amount of stubble, and
dust emission values, depending on different tillage applications, are presented in Table 6.

Table 6. Mean weight diameter of soil, shear stress, amount of stubble, and dust emission values
depending on different tillage applications.

Trials Mean Weight Diameter (mm) Shear Stress
(N·cm−2)

Stubble Amount
(g·m−2)

Dust Emission
(mg·m−3)

2013 2014 2013 2014 2013 2014 2013 2014

CT 5.18 ± 0.17 e 6.66 ± 0.85 c 0.45 ± 0.24 cd 0.43 ± 0.12 c 42.67 ± 5.03 g 65.5 ± 6.50 d 142.7 ± 10.80 b 113.51 ± 10.23 c
RT1 11.57 ± 0.85 b 9.15 ± 1.02 b 0.72 ± 0.26 b 0.75 ± 0.21 b 72 ± 6.23 b 98 ± 8.50 b 40.4 ± 5.36 e 35.6 ± 5.65 f
RT2 8.12 ± 0.55 c 7.15 ± 1.03 c 0.7 ± 0.16 bc 0.68 ± 0.10 b 50.6 ± 5.65 e 70 ± 5.68 d 73.75 ± 6.60 d 58.53 ± 6.60 e
RT3 7.43 ± 0.65 d 8.75 ± 0.65 b 0.5 ± 0.13 bcd 0.58 ± 0.09 bc 62.99 ± 4.98 d 83 ± 6.35 c 134.5 ± 9.90 c 90.7 ± 6.50 d
RT4 5.19 ± 0.25 e 5.25 ± 0.36 e 0.42 ± 0.09 d 0.44 ± 0.08 c 47.3 ± 6.65 f 65.5 ± 5.65 d 153.45 ± 11.25 a 121.9 ± 9.68 b
RT5 4.66 ± 0.54 e 5.49 ± 0.56 de 0.4 ± 0.08 d 0.44 ± 0.06 c 68 ± 7.5 c 89 ± 5.80 c 140.7 ± 9.65 b 131.6 ± 10.36 a
RT6 4.89 ± 0.65 e 5.96 ± 0.69 d 0.4 ± 0.07 d 0.45 ± 0.09 c 30.5 ± 3.56 h 45.5 ± 4.36 e 140.2 ± 10.69 b 128.8 ± 9.80 a
NT 14.17 ± 1.21 a 12.7 ± 1.32 a 1.23 ± 0.50 a 1.06 ± 0.23 a 128 ± 8.65 a 158 ± 9.80 a 35.11 ± 6.23 f 27.73 ± 4.36 g

LSD 0.574 0.537 0.251 0.198 2.792 7.543 4.122 3.923

LSD: Least Significant Difference, CT: Conventional tillage, RT: Reduced tillage, NT: No tillage, a–h: different
letters show statistical differences at 0.05 statistical significance.

3.1. Mean Weight Diameter

The effect of different tillage applications on the mean weighted diameter was sig-
nificant (p < 0.01). Regarding the effects of different tillage machines on the degree of
soil fragmentation (mean weighted diameter) the highest mean weighted diameter was
obtained with the direct seeding machine. At the same time, the lowest value was reached
with the vertical shaft rototiller. In general, the mean weighted diameter values of the soil
were found to be smaller in the machines driven by the PTO. Here, aggregate fragmentation
can lead to a decrease in aggregate size distribution, and an increase in salinization flows
during erosion, and thus alters dust production over time. This could affect the dust
emission potential over time and in the next wind event.

The mean weight diameter of soil differed significantly between conventional tillage
and reduced tillage treatments, which is consistent with the results obtained by
Coulibaly et al. (2022) [38]. The mean weight diameter in reduced tillage did not change
significantly after tillage. The mean weight diameter of soil particles varied between
4.66 and 14.17 mm at different soil tillage treatments. When tillage practices were com-
pared, the mean weight diameter was higher in no-tillage treatment, similar to the study
of Seflek et al. (2017) [39]. While increasing the peripheral machine speed in machines
driven by a tractor, the PTO shaft also increased the fragmentation efficiency of soil. The
mean weight diameter of the soil was between 9.15 and 11.57 mm for the winged chisel
plow-float. This situation is consistent with the views of Carman et al. (2012) [40].

3.2. Shear Stress

The effect of different tillage applications on the shear stress of the soil was found
to be significant (p < 0.01). Depending on the different tillage applications, soil shear
stress varied between 0.40–1.23 N·cm−2. Compacted soils have higher values of more
significant shear stress due to the proximity between particles, which lessen the voids and
increases soil density [41]. The highest change in its value was obtained with a value of 81%
reduction in a vertical shaft rototiller-float application, while the lowest change in the direct
seeding application was with a value of 47%. Soil shear stress varied between 0.669 and
1.10 N·cm−2 in machines with three different working tines driven by the tractor’s power
take-off (PTO). The most significant change of 66% reduction was obtained for the machine
with a horizontal shaft rototiller (L type)-float application. The highest shear stress values
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were obtained from the no-tillage application. The results obtained from our study were
found to be compatible with Carman et al. (2012) [40].

3.3. Stubble Amount

The effect of different tillage applications on the stubble amount was significant
(p < 0.01). Depending on the different tillage applications, the amount of stubble varied
between 30.5 and 158 g·m−2. The highest stubble values were obtained in the no-tillage
application. The stubble on the soil surface is not buried because the plow is unused. A
winged chisel plow-float application followed a no-tillage application. Since the chisel
used here works by tearing the soil, it has come to the fore more than other applications.
Therefore, more stubble was obtained on the soil surface. Depending on the applications,
stubble burial rates vary between 25% and 80%. In the horizontal shaft rototiller (I type
foot) application, the amount of stubble in the field after tillage was obtained with an 80%
burying rate. The amount of stubble on the field after tillage was obtained with a reduction
of 80%, or a burying rate of 80% in a machine with a horizontal shaft rototiller (I-type
foot)-float application. In the tillage application with a disc harrow, the surface residue
coating rate was 47–66% compared to the first, and the change occurred between 2 and 16%.
It can be observed that the disc harrow mixes the soil better and mixes the surface residues
better than the field cultivator in tillage with a chisel, and in tillage with a moldboard [42].
In conservation tillage techniques, the percentage of critical ground cover is 50–60% for
prostrate stubble, and 30% for standing stubble (30–60 cm high). The results obtained from
our study were found to be compatible with Carman et al. (2018) [43]. Retained stubble
reduces dust emissions and wind erosion. It also increases soil moisture retention and
improves water infiltration. This result is consistent with the views of Scott et al. (2010) [44].

3.4. Dust Emissions

The effect of different tillage applications on dust emissions was significant (p < 0.01).
Dust emission values varied between 27.73 and 153.45 mg·m−3 in eight tillage applica-
tions. While the average dust emission was lowest in direct seeding (27.73 mg·m−3), the
highest value was obtained in the horizontal shaft rototiller (L-type foot)-float application
(153.45 mg·m−3). Similar results were obtained in PTO-driven applications. The high soil-
fragmentation activity in the horizontal shaft rototiller application produced approximately
150% higher dust emission value than in the disc harrow and winged chisel plow-floats.
In the second year of this study, an increase of approximately 17% in soil moisture and a
decrease of 18% in dust emissions were obtained. While all applications in conventional
tillage cause more dust emissions, the lowest dust emission was obtained with the no-
tillage application. This result is consistent with the views of Gao et al. (2014) [45]. Among
the reduced tillage applications, the lowest dust emission (39–73.6%) was obtained in the
winged chisel plow application. While the dust emission value in direct seeding decreased
by 75% compared to the traditional application, it fell by 72% on average compared to the
reduced tillage applications. An aggregate size-distribution analysis showed that tillage
affected the PM10 content of the soil in the field [39]. The low PM10 content in the no-tillage
application may be due to the biophysical conditions that promoted the formation of larger
aggregates in the no-tillage, compared to the PM10 content in other tillage applications [46].

Tillage affects dust emission. Agricultural applications such as plowing, mowing, cutting,
and baling have the potential to increase dust emissions. Conservation tillage, however, has
the potential to reduce wind erosion and dust emissions. Sharratt and Feng (2009) [47] found
a 15–65% reduction in soil loss, and a 30–70% reduction in PM10 loss from agricultural lands
managed using undercutter tillage versus conventional tillage.

Wang et al. (2010) [48] conducted field experiments to measure dust emissions from
disking, rolling, planting, listing, and harvesting cotton. The values obtained in this study
were lower than those obtained by these authors. Dust emissions varied according to soil
type, moisture content, operation, and crop type. It was found that dust emissions from
tillage, planting, and harvesting processes in corn and soybean production are negatively
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affected by topsoil moisture [16]. Sharratt et al. (2010) [12] conducted studies to reduce PM10
emissions using different tillage practices. They used seven conventional, five reduced, and
three delayed-minimum and no-tillage applications as soil tillage in their studies. PM10
emission decreased with the number of operations in the soil tillage application. The lowest
PM10 emission was obtained in the no-tillage application.

3.5. Comparison of Models

The performance results of the models are provided in Table 7. Among the polyno-
mial models, the best model was determined as Model 4. The ANNs model made the
closest prediction to the observed value. The highest R2, the lowest RMSE, and the low-
est ε values were found in this model. In studies with non-linear data, more successful
results are obtained with ANN [30]. The coefficient of determination (R2) between the
observed data and the predicted values were found to be 98.09% for ANN, and 90.63% for
Model 4, respectively.

Table 7. Performance of the models.

Observed
Predicted

Model 4 ANN

27.73 11.89 28.70
35.11 26.68 29.24
40.40 42.73 46.08
73.75 97.08 70.25

121.90 129.49 119.89
128.80 123.56 126.95
131.60 121.01 141.93
134.50 98.96 134.50
140.20 139.75 138.16
140.70 138.31 128.30
142.70 136.95 140.86
153.45 133.95 139.91

R2 0.9063 0.9809
RMSE 15.14 6.70

ε 22.50 6.11

The relationship (R2) between measured and predicted data from ANN and Model 4
was found to be 98.63%, and 90.63%, respectively. The data predicted from the ANN model
was determined to be entirely parallel and compatible with the measured data, according
to the data predicted by the polynomial models (Figure 2).
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The success of an ANN model varies according to some parameters, such as: transfer
function, learning coefficient ratio, learning rule, momentum, multiple hidden layers, and
multiple neurons in the hidden layers [49]. The empirical model has a relatively simple
structure compared to the ANNs model. These models do not have parameters such as
the number of neurons, hidden layer, momentum, learning rule, and transfer function [50].
There is a very strong relationship between the success of the estimation technique and
the data characteristics. If data set fits the normal distribution, empirical models should
be preferred; if not, ANNs should be preferred. In terms of model accuracy, due to their
non-linearity, the ANNs perform much better than the empirical models [51].

A higher coefficient of determination and lower root mean square value were obtained
in the ANNs model compared to other models. In this sense, it is possible to say that
the ANNs model may be more suitable than other models for modeling dust emissions.
According to the results of the models in this study, the efficiency of the models to predict
dust emission was obtained as follows: ANNs Model (according to Table 7).

Polynomial models are relatively easy to construct because they have a more straight-
forward structure than the ANN ones. In contrast, learning an ANN is a problem that
can be much more difficult to solve and requires good initialization and tuning. However,
for the same computation time, polynomial models can have more degrees of freedom.
Although it is thought that these polynomial models can approach any function just like
ANN, most of the success of ANN comes from the rich hierarchical representations these
models are capable of [30].

In our study, the low value of relative error indicates that the prediction ability of
the ANN method is better. However, there is a severe drawback in the ANN-based
method because the mathematical form of ANN is generally too complicated, and the
relationship between dust emissions and their influencing factors cannot be intuitively
mirrored (Table 7).

The success of the ANNs model may be due to the ability of many hidden lay-
ers within the model’s structure to use higher computational resources. The empirical
model’s predictive ability depends on its assumptions’ rationality. However, in the model-
building process, sometimes essential details are inevitably overlooked. This relatively
limits the forecasting performance. The ANNs model, on the other hand, is entirely data
driven. Therefore, it can often obtain a better estimate than the empirical model suggested.
The results obtained in our study were found to be compatible with those obtained by
Yang et al. (2020) [52].

4. Conclusions

This study compared the effectiveness of ANNs and Polynomial Models in predicting
dust emission during various tillage practices in Middle Anatolia. The relationships
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between dust emission and mean weight diameter of the soil, shear stress, and amount of
stubble were evaluated for eight different tillage applications.

The most significant change in soil physical conditions (MWD, shearing stress, and
the amount of stubble remaining) was observed in soil tillage treatment that was PTO-
driven. This has caused an increase in dust emissions during tillage, especially compared
to other reduced tillage practices. PTO-driven reduced tillage practices, used by farmers
in the region as an alternative to traditional practices for optimum seedbed preparation
in the production of sugar beet, maize, etc., cause an increase in dust emissions due to
excessive soil fragmentation. The effect of tillage applications on dust emissions was
statistically significant. The lowest dust emission values were obtained in the no-tillage
application. Compared to conventional tillage, dust emission decreased by 75.8% in no-
tillage, 1.5% in reduced tillage applications driven from PTO, and 59.6% in other reduced
tillage applications. Conventional and PTO-driven reduced tillage practices are a significant
threat to sustainable agriculture and the environment in the region. The results showed
that PM10 emissions would be higher for conventional tillage, hence less soil-degrading
conservation practices such as winged chisel and disc harrow play an important role in
minimizing soil erosion and improving air quality in semi-arid regions. In both years of the
experiments, the change in soil moisture caused a change in dust emission. In the second
year of the experiments, a 16.7% increase in soil moisture caused an average decrease of
17.7% in dust emission.

The amount of dust concentration was predicted with six models depending on the
mean weight diameter, shear stress, and stubble amount values. Among these models, the
ANNs model was obtained as the most successful. The obtained mean error of ANN was
6.11%. In addition to its numerical accuracy, the artificial neural network (ANN) model is
much faster and easier to use, which makes it suitable for predicting dust emissions. In the
future, we aim to increase the data and further develop this study using different machines
and deep learning methods.
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