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Abstract
soil physical properties (SPP) are considered to be important indices that reflect
soil structure, hydrological conditions and soil quality. It is of substantial inter-
est to study the spatial distribution of SPP owing to the high spatial variability
caused by land consolidation under various land restoration modes in excavated
farmland in the loess hilly area of China. In our study, three land restoration
modes were selected including natural restoration land (NR), alfalfa land (AL)
and maize land (ML). Soil texture composition, including the contents of clay,
silt and sand, field capacity (FC), saturated conductivity (Ks) and bulk density
(BD) were determined using a multifractal analysis. SPP were found to possess
variable characteristics, although land consolidation destroyed the soil structure
and decreased the spatial autocorrelation. Furthermore, SPP varied with land
restoration and could be illustrated by the multifractal parameters of D1, ΔD,
Δ𝛼 and Δf in different modes of land restoration. Owing to multiple com-
paction from large machinery in the surface soil, soil particles were fine-grained
and increased the spatial variability in soil texture composition under all the
land restoration modes. Plough numbers and vegetative root characteristics
had the most significant impacts on the improvement in SPP, which resulted
in the best spatial distribution characteristics of SPP found in ML compared
with those in AL and NR. In addition, compared with ML, Δ𝛼 values of NR
and AL were 4.9- and 3.0-fold that of FC, respectively, and Δ𝛼 values of NR
and AL were 2.3- and 1.5-fold higher than those of Ks, respectively. These re-
sults indicate that SPP can be rapidly improved by increasing plough numbers
and planting vegetation types after land consolidation. Thus, we conclude that
ML is an optimal land restoration mode that results in favorable conditions to
rapidly improve SPP.
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Abstract: Soil physical properties (SPP) are important indicators that reflect
soil structure, hydrological conditions, and soil quality. Investigating the spatial
distribution of SPP is of substantial interest due to the high spatial variability
caused by land consolidation under various restoration modes in excavated farm-
land in China’s loess hilly region. This study examined three land restoration
modes: natural restoration land (NR), alfalfa land (AL), and maize land (ML).
Soil texture composition (clay, silt, and sand contents), field capacity (FC), sat-
urated hydraulic conductivity (Ks), and bulk density (BD) were analyzed using
multifractal methods. Although land consolidation destroyed soil structure and
decreased spatial autocorrelation, SPP exhibited variable characteristics that
differed among restoration modes and could be illustrated through multifractal
parameters D1, ΔD, Δ𝛼, and Δf. Multiple compaction events from large ma-
chinery in surface soils caused fine-graining of soil particles and increased spatial
variability in soil texture composition across all restoration modes. Plough fre-
quency and vegetative root characteristics had the most significant impacts on
SPP improvement, resulting in superior spatial distribution characteristics in
ML compared to AL and NR. Specifically, Δ𝛼 values for NR and AL were 4.9-
and 3.0-fold greater than those of ML for FC, respectively, and 2.3- and 1.5-fold
greater for Ks, respectively. These results demonstrate that SPP can be rapidly
improved by increasing plough frequency and establishing appropriate vegeta-
tion types after land consolidation. We conclude that ML represents an optimal
restoration mode that creates favorable conditions for rapid SPP improvement.

Keywords: land consolidation; land restoration; multifractal analysis; spatial
distribution; soil physical properties

Introduction
Land consolidation is a widespread practice globally aimed at expanding cul-
tivable area, improving soil quality and productivity, and ameliorating ecolog-
ical conditions (Altes and Sang, 2011; Ying et al., 2020). The Loess Plateau
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region of China urgently requires such efforts due to their critical role in land
development, agricultural production, soil desertification control, and flood man-
agement in the Yellow River basin (Zhu, 1995). In 2013, a land consolidation
project called“Gullies Reclamation for Farmland”was implemented in the loess
hilly area (Ma et al., 2020). This project creates what we term “excavated
farmland”—extensive flat areas formed through large-scale mechanical excava-
tion of slope soils to fill gullies, followed by multiple compaction operations (Fig.
1 [Figure 1: see original paper]).

Land consolidation can induce substantial spatial variability in soil physical
properties (SPP) (Chen et al., 2015; Chen et al., 2019). The excavated slope
soils exhibit different textures due to varying ages of loess formation (Li et al.,
2018), and random landfilling creates uneven soil texture distribution. Further-
more, filling gullies tens of meters deep may lower groundwater tables, while
uneven landfilling and compaction lead to heterogeneous soil bulk density (BD)
and numerous voids. These factors drastically affect water infiltration capacity,
field water holding capacity, and overall soil hydrological characteristics, includ-
ing surface water, groundwater, and soil water dynamics (Tripathi et al., 2009;
Marschalko et al., 2012; Ren et al., 2016). Moreover, uneven SPP distribution
causes spatial variation in water and nutrient storage capacity, potentially dis-
rupting agricultural ecosystems (Liang and Wei, 2020) and severely impacting
field agronomic management.

Research demonstrates that land restoration can ameliorate SPP (Abed et al.,
2020; Donovan and Monaghan, 2021; Wang et al., 2021), including reducing
soil disintegration rates and BD (Wang et al., 2017), increasing soil moisture
content (Fu et al., 2020), and enhancing saturated hydraulic conductivity and
field water holding capacity (Li et al., 2017; Wang et al., 2017; Mehdi et al.,
2019; Lozano-Baez et al., 2019). Perring et al. (2012) further showed that
agricultural land restoration provides multiple ecosystem benefits. To evaluate
these effects, we implemented three restoration modes in excavated farmland:
natural restoration (NR), alfalfa (Medicago sativa Linn) land (AL), and maize
(Zea mays L.) land (ML) (Fig. 2 [Figure 2: see original paper]).

Previous research on the Loess Plateau indicates that SPP improvement under
natural restoration is directly related to vegetation recovery stage and abandon-
ment duration, with the 0–20 cm layer showing significantly higher improvement
rates than the 20–40 cm layer (Li and Shao, 2006). Dong et al. (2016) reported
minimal differences in soil properties between AL and conventional farmland
initially, but after 10 years, AL exhibited significantly higher water holding
capacity and water stability, demonstrating its favorable soil environment im-
provement. Clearly, vegetation type and cultivation duration differentially af-
fect SPP. We therefore hypothesized that spatial distribution patterns of SPP
would vary among restoration modes in excavated farmland.

To characterize spatial SPP variability, researchers employ various spatiotem-
poral analysis methods at different scales (Paterson et al., 2018; Li et al.,
2019; Mojtaba et al., 2019). Classical statistics describe variation levels us-
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ing coefficient of variation but ignore relative spatial positions. Geostatistics
effectively explains spatiotemporal autocorrelation through semivariance func-
tions and Kriging but struggles to characterize spatial variation comprehensively
(Premo, 2004). Traditional methods offer simplicity but cannot fully capture
the complexity of interdependent parameters (Jing et al., 2019). Fractal theory,
based on variable-independent correlations, is widely applied in soil science, me-
teorology, and information science to address complex micro- and macro-scale
problems (Morató et al., 2017; Paterson et al., 2018; Wang et al., 2018; Gao
et al., 2021; Stanić et al., 2021; Wu et al., 2021). Qi et al. (2018) and Xia
et al. (2020) demonstrated that multifractal theory effectively characterizes soil
texture distribution differences under various vegetation types. Jing et al. (2019)
showed that BD, saturated water conductivity, and water holding capacity ex-
hibit strong multifractal characteristics in farmland. Therefore, multifractal
theory is an appropriate tool for evaluating SPP spatial variability.

The spatial distribution of SPP determines soil water, nutrient, gas, and heat
dynamics, affecting plant nutrient availability and supply (Drewry, 2006). Con-
sequently, SPP serves as a crucial indicator for assessing soil structure, hydro-
logical conditions, and soil quality (Doran et al., 1996; Boix-Fayos et al., 2001).
However, knowledge gaps remain regarding SPP spatial distribution under dif-
ferent restoration modes in excavated farmland following sustainable land con-
solidation. This study aims to: (1) characterize SPP spatial variability using
multifractal analysis in excavated farmland; and (2) elucidate the mechanisms
through which different restoration modes influence SPP.

2.1 Study Area

The study area is located in alluvial farmland within China’s loess hilly region
(40°14�11�N–42°27�42�N, 75°33�16�E–80°59�7�E; Fig. 1). The region experiences
a semi-arid continental monsoon climate with mean annual precipitation of 505
mm and mean annual potential evaporation of 1463 mm (Ke et al., 2021).

Data were collected from three restoration modes (NR, AL, and ML) in exca-
vated farmland (Fig. 2). The topographies of NR, AL, and ML plots were
similar. One plot of each restoration type was selected, all restored for 5 years,
with uniform plot sizes of 60 m × 60 m.

2.2 Agronomic Management

NR remained undisturbed, dominated by annual herbaceous vegetation. AL
consisted of five-year-old alfalfa, harvested three times annually and ploughed
once yearly before regreening. ML was planted with spring maize, ploughed and
weeded twice during the growing season, and received base fertilizer applications
of 600 kg P2O5/hm2 (diammonium phosphate) and 100 kg N/hm2 (urea).
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2.3 Sample Collection and Measurement

A sampling network with square grids (15 m × 15 m) was established in each
0.36 hm2 plot, yielding 48 sampling points per plot (NR, AL, and ML) located at
individual grid centers. Soil profiles were excavated in July 2018, with sampling
center coordinates recorded using Trimble GeoXT GPS equipment (Sunnyvale,
CA, USA) with positioning precision <0.5 m. Soil texture (clay, silt, and sand
contents), BD, saturated hydraulic conductivity (Ks), and field capacity (FC)
were measured in 0–20 cm and 20–40 cm layers. At each point, undisturbed soil
samples were collected using a cutting ring (100 cm3) for BD, FC, and Ks analy-
sis. For particle size distribution (PSD), roots and impurities were removed from
air-dried samples, which were passed through a 2-mm sieve and treated with
10% H2O2 to degrade organic matter before laser diffraction analysis (Master-
sizer 2000, Malvern Company, UK) of 0.3 g soil subsamples. BD and FC were
evaluated using the cutting ring method (Federer, 1983; Prévost, 2004). Ks
was measured with a constant-head permeameter (TST-55, Beijing Aerospace
Huayu Test Instrument Co., Ltd., Beijing, China) (Li and Shao, 2006).

2.4 Calculation of Multifractal Parameters

Spatial SPP variability was evaluated through multifractal analysis. A grid
square of size � enclosed a spatial portion containing SPP measurements. Pa-
rameters were calculated to identify the singularity exponent 𝛼(q), generalized
dimension D(q), and singularity spectrum f(𝛼) (Jing et al., 2019). Each plot
contained N(�) = 2� (k = 0, 1, 2, ⋯) cells (Caniego et al., 2005; Morató et al.,
2017). This study employed a 60 m × 60 m scale for sampling plots and 15 m
× 15 m for sampling point size, considering four grid sizes (15, 20, 30, and 60
m) with corresponding grid counts of 16, 9, 4, and 1 per plot.

The multifractal analysis procedure involved three steps. First, the probability
mass function P�(�) was calculated as:

𝑃𝑖(𝜀) = 𝑍𝑖

∑𝑁(𝜀)
𝑖=1 𝑍𝑖

where Z� is the measured value in grid cell i of size �, and N(�) is the number of
grids.

Second, the generalized fractal dimension Dq was defined as:

𝐷𝑞 = lim
𝜀→0

1
𝑞 − 1 ⋅ log∑𝑁(𝜀)

𝑖=1 𝑃𝑖(𝜀)𝑞

log 𝜀

where q is the moment order integer (−∞, +∞), representing the probability
density weight index (Li et al., 2011). Generalized fractal dimensions Dq were
calculated for −10 ≤ q ≤ 10 with increments of 1. D1 represents the information
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dimension; lower D1 values indicate SPP values distributed over larger domains
with higher spatial variability, while higher D1 values indicate concentration in
smaller domains with lower variability (Evertsz and Mandelbrot, 1992; Jing et
al., 2019). ΔD (D�10 –D10) evaluates local spatial variability intensity, with ΔD
directly correlating with variability magnitude (Zhou et al., 2010).

Third, the multifractal spectrum f(𝛼) was derived through Legendre transfor-
mation:

𝛼(𝑞) = lim
𝜀→0

∑𝑁(𝜀)
𝑖=1 𝜇𝑖(𝑞, 𝜀) log𝑃𝑖(𝜀)

log 𝜀

𝑓(𝛼) = lim
𝜀→0

∑𝑁(𝜀)
𝑖=1 𝜇𝑖(𝑞, 𝜀) log𝜇𝑖(𝑞, 𝜀)

log 𝜀

where ��(q, �) = P�(�)� / �P�(�)� is the q-weighted probability in subinterval i,
and 𝛼(q) is the singularity exponent. The multifractal spectrum width Δ𝛼 (𝛼���
–𝛼���) reflects overall spatial distribution variability, while Δf (f(𝛼���) –f(𝛼���))
characterizes spectrum shape symmetry. Δf < 0 indicates dominance of low-
probability subsets with right-skewed spectra, whereas Δf > 0 indicates high-
probability subset dominance with left-skewed spectra (Morató et al., 2017).

2.5 Statistical Analysis

SPP values and multifractal parameters (D1, ΔD, Δ𝛼, and Δf) were analyzed us-
ing SPSS v23.0 (IBM, Inc., Armonk, NY, USA) to determine means, coefficients
of variation (CV), and standard deviations (SD). Least significant difference
(LSD) tests were performed at P < 0.05 significance level. CV was classified as
low (<10%), moderate (10%–100%), or high (>100%). Figures were prepared
using Origin Pro v8.0 (OriginLab, Northampton, MA, USA).

3.1 Descriptive Statistics of SPP
Table 1 presents mean values, CVs, and significant differences for SPP across
soil layers and restoration modes. Clay content followed the order ML > AL
> NR throughout the soil profile (P < 0.05), while sand content showed the
reverse pattern (P < 0.05). CVs for clay, silt, and sand were all <0.10 across all
layers, indicating low variability. BD in NR was 32.9% and 9.6% higher than in
ML and AL, respectively (P < 0.05). FC in ML was 14.3% and 23.7% higher
than in AL and NR, respectively (P < 0.05). Ks in ML was 50.7% and 98.0%
higher than in AL and NR, respectively (P < 0.05). BD and FC exhibited
low variability across all restoration modes, while Ks in ML showed moderate
variability in the 0–20 cm layer and high variability in other cases.
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3.2.1 Generalized Dimension of Spatial Distribution

Generalized dimension spectra for SPP in 0–20 cm and 20–40 cm layers under
ML, AL, and NR are shown in Figures 3 and 4. Dq values decreased with increas-
ing q, forming inverse S-shaped curves that confirm multifractal characteristics.
This validates the application of multifractal evaluation for these variables.

Table 2 summarizes multifractal parameters. For soil texture, D1 showed the
trend ML ≥ AL ≥ NR across all layers, regardless of clay, silt, or sand content.
D1 values were higher in the 20–40 cm layer than in the 0–20 cm layer under
the same restoration mode, while ΔD showed the opposite pattern. For BD, D1
exhibited the trend ML < AL < NR across the entire profile, while ΔD showed
ML > AL > NR. For FC and Ks, D1 and ΔD trends matched those of soil
texture across restoration modes. D1 for FC was higher in the 20–40 cm layer
than in the 0–20 cm layer, while Ks showed the opposite; ΔD for FC was lower
in the 20–40 cm layer, whereas Ks showed the opposite pattern.

3.2.2 Singularity Spectra of SPP

Singularity spectra for SPP are presented in Figures 5 and 6. Δ𝛼 values for
clay, silt, and sand were higher in the 0–20 cm layer than in the 20–40 cm layer
across all restoration modes. For BD, Δ𝛼 showed the trend ML > AL > NR
throughout the profile, while FC and Ks exhibited the reverse trend. Compared
to ML, Δ𝛼 values for NR and AL were 4.9- and 3.0-fold greater for FC, and 2.3-
and 1.5-fold greater for Ks, respectively. Δf values for clay and sand were >0,
producing left-skewed spectra across all restoration modes, whereas silt showed
right-skewed spectra (Fig. 5 [Figure 5: see original paper]). For BD, AL and
NR spectra were right-skewed in contrast to ML in the 0–20 cm layer, while ML
and NR spectra were right-skewed in contrast to AL in the 20–40 cm layer (Fig.
6 [Figure 6: see original paper]). For FC, ML and NR spectra were right-skewed
while AL was left-skewed in the 0–20 cm layer, contrasting with patterns in the
20–40 cm layer. For Ks, all restoration modes produced left-skewed spectra
throughout the profile.

4.1 Effects of Land Restoration Modes on SPP
SPP homogeneity critically affects soil moisture and nutrient distribution, rep-
resenting an important consideration in farmland management (He et al., 2019).
Poor soil structure and high spatial variability following land consolidation have
been documented by Chen et al. (2015, 2019). Consequently, various restora-
tion modes are employed to ameliorate soil properties, promote crop growth,
and increase yields (Lozano-Baez et al., 2019; Dou et al., 2020; Šípek et al.,
2020).

Our study revealed slight changes in soil texture composition but significant
differences in BD, FC, and Ks among the three restoration modes after 5 years
(Table 1). Spatial variability of soil texture was higher in the 0–20 cm layer than
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in the 20–40 cm layer across all restoration modes. Clay and silt contents were
higher in the 0–20 cm layer, while sand content showed the opposite pattern
(Table 2), indicating increased fine particle content but decreased distribution
uniformity in surface soils. Min et al. (2017) investigated PSD in mechanically
compacted reclaimed soils and found that particle sizes became finer with in-
creasing compaction frequency. In our study, surface soils experienced multiple
compaction and leveling events during excavated farmland creation, suggest-
ing that extensive mechanical breakdown increased fine particles and spatial
variability in the 0–20 cm layer.

Significant differences in soil texture composition among restoration modes likely
resulted primarily from vegetation cover differences. Qi et al. (2018) classified
soils under oak forest, shrub grassland, terraced farmland, and sloping farm-
land as silty loam, sandy loam, sandy loam, and loamy sand, respectively, in
the Funiu mountainous region. Liu et al. (2009) also reported considerable
PSD differences among seven plant communities in the Yimeng Mountains. Me-
chanical disturbance frequency provides another explanatory factor: ML was
ploughed and weeded twice during the growing season; AL was mechanically
harvested three times annually and ploughed once before regreening; while NR
received no mechanical disturbance. Thus, mechanical disturbance frequency
was the primary factor influencing soil particle changes, consistent with Min et
al. (2017).

ML exhibited the most significant impacts on BD, FC, and Ks, followed by AL
and NR (Tables 1 and 2). Two complementary mechanisms explain these results:
plough frequency and vegetation root characteristics. First, lacking human dis-
turbance, NR maintained relatively uniform compaction conditions established
during farmland creation. In contrast, AL received annual ploughing before re-
greening, while ML was ploughed and weeded twice during the growing season.
Increased ploughing frequency decreased BD while increasing FC and Ks, mak-
ing plough frequency the primary driver of ML’s superior performance over AL.
Second, NR was dominated by annual herbs with root density of 1.54 kg/m3

concentrated in the 0–10 cm layer after 8 years of natural recovery (Guo et al.,
2018). Alfalfa and maize root densities were 13.1 and 6.0 kg/m3, respectively,
with 80% of roots concentrated in the 0–30 cm layer (Huang et al., 2019). Dense
root systems increase soil porosity, so AL and ML had more pronounced effects
on BD, FC, and Ks values and spatial variability than NR. However, plough fre-
quency was dominant, as ML demonstrated better SPP than AL. These findings
indicate that SPP can be rapidly improved by increasing plough frequency and
establishing high root-density vegetation after land consolidation. After 5 years
of restoration, ML’s BD, FC, and Ks values approached those of conventional
farmland and terraces in the region (Wang et al., 2008), suggesting this mode
can achieve productivity comparable to traditional farmland. We conclude that
ML represents an optimal restoration mode that creates favorable conditions
for rapid SPP improvement.
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4.2 Application of Multifractal Analysis in SPP

Spatial variability analysis of SPP plays a crucial role in understanding farmland
excavation and management. Our multifractal analysis revealed that soil phys-
ical characteristics possess multifractal properties, with parameters (D1, ΔD,
Δ𝛼, and Δf) comprehensively explaining SPP concentration, local variability,
overall variability, and distribution symmetry (Figs. 3–6). Traditional statis-
tical analysis showed CVs of soil texture, BD, and FC ranging from 0.03–0.08,
with similar values in both soil layers, yet this does not imply similar spatial
distributions (Table 1). Teng et al. (2017) demonstrated that geostatistical
analysis effectively expresses spatial autocorrelation of soil organic carbon but
provides uneven descriptions of spatial variation. Single fractal analysis can
reflect spatial variation but cannot characterize PSD details across vegetation
types (Liu et al., 2009), and Liao et al. (2017) identified limitations in studying
soil water content spatiotemporal patterns. These findings indicate that multi-
fractal analysis, which describes spatial variations in greater detail and multiple
dimensions, offers substantial advantages for studying SPP spatial variability.

Multifractal analysis is based on autocorrelation, an inherent soil property char-
acteristic (Morató et al., 2017). Qi et al. (2018) and Wang et al. (2018a) demon-
strated that multifractal analysis effectively characterizes soil particle size dis-
tribution traits. Zhang et al. (2019) analyzed soil moisture and particle size on
Loess Plateau slopes using multifractal methods and identified close relation-
ships between them. While most studies have applied multifractal analysis to
natural soils, few have examined post-consolidation soils. Land consolidation
destroys soil structure and substantially reduces SPP spatial autocorrelation,
and Pachepsky and Kravchenko (2004) suggested that some properties in such
soils lack multifractal characteristics. However, our study found that ML and
AL, disturbed by large machinery, and even NR all exhibited strong multifractal
properties. Jing et al. (2019) reported multifractal characteristics of SPP in coal
mine subsidence areas and effectively described changes in soil characteristics
between settlement and restoration using multifractal parameters. We conclude
that multifractal analysis is applicable for studying SPP in more complex situ-
ations.

Conclusions
This study analyzed spatial variability of SPP (sand, clay, silt, BD, FC, and Ks)
and elucidated mechanisms of diverse restoration mode effects using multifractal
analysis for three modes (ML, AL, and NR) after 5 years in excavated farmland.
The main conclusions are:

Under all restoration modes, surface soil particles were fine-grained due to mul-
tiple large machinery compaction events in the 0–20 cm layer. Plough frequency
and vegetation root characteristics showed the most significant impacts on SPP
improvement, with ML exhibiting optimal spatial distribution characteristics
compared to AL and NR. Additionally, ML’s BD, FC, and Ks values approached
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those of conventional regional farmland after 5 years of restoration, indicating
that ML is an optimal restoration mode that creates favorable conditions for
rapid SPP improvement.

Land consolidation destroyed soil structure and substantially reduced SPP spa-
tial autocorrelation. However, ML, AL, and NR all retained multifractal char-
acteristics. Multifractal parameters (D1, ΔD, Δ𝛼, and Δf) comprehensively ex-
plained SPP concentration, local variability, overall variability, and distribution
symmetry. Therefore, we conclude that multifractal analysis can be effectively
applied to study SPP in more complicated situations.
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