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ABSTRACT. A complex network analysis of three-dimensional soil images obtained by X-ray computed 

tomography (CT) was employed to analyze the morphological properties of soil under different vegetation 

covers. This study quantitatively assessed changes in the three-dimensional soil structure due to 

disturbances caused by sugarcane management techniques. We used CT images of soil covered by the 

Atlantic Forest and sugarcane with 624,100 voxel columns each to examine topological indices of the 

networks generated from the vertical lines of the CT images using the visibility graph (VG) method. The VG 

method successfully described the changes in the structure of the soil samples by comparing the CT images 

and may be used to quantify soil degradation. The topological indices clustering coefficient, average 

shortest path, and average degree of the VG network described the communication between soil structural 

units, pore continuity, and the distribution of paths between pores. We found strong correlations between 

the phenomenological aspects and the topological descriptors of the generated network, especially for the 

average degree. This index best highlighted the difference between the samples, revealing greater 

heterogeneity in the Atlantic Forest sample compared to the sugarcane sample. These correlations indicate 

that the complexity of the networks of 3D soil images is related to physical properties, enabling 

quantification of the degradation of soil morphological properties. 
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Introduction 

Soil has long been a research priority, as it is vital for sustainable food production and societal well-being. 

Therefore, soil degradation resulting from economically driven land-use change is a significant concern for 

the future in many parts of the world. More specifically, land-use change can have negative impacts on 

essential soil functions, such as nutrient storage, dispersal and recycling, carbon storage and greenhouse gas 

emissions, disease and pest regulation, erosion resistance, water retention, drainage, and filtration (Bordonal 

et al., 2018; Bünemann et al., 2018; Creamer et al., 2022; Williams et al., 2020). In turn, economic concerns and 

population increases are generating a growing need for the use of natural resources in developing countries. In 

search of pastures, timber, firewood, and areas for cultivation, tropical forests are being converted into agricultural 

areas at alarming rates. Therefore, a comprehensive assessment of soil properties is essential for the early detection 

and mitigation of the adverse effects of changes occurring due to these actions. 

The impacts of land use changes have been investigated, mainly focusing on physical, chemical, and 

biological properties (Aon et al., 2001; Das et al., 2018; Ozores-Hampton et al., 2011; Usharani et al., 2019), 

while fewer studies have been devoted to changes in soil structure (Aguiar et al., 2023; Soto-Gomez et al., 

2020). The latter has control over soil functions, and quantification of soil morphology is key to a better 

understanding of the complex phenomena that rule these functions. In this way, a description and 

quantification of the soil functions depend on a deep understanding of characteristics such as the three-

dimensional distribution of components, their connectivity, hierarchical organization, and complexity. 

Recent advances in imaging techniques for assessing soil functions, such as X-ray computed tomography 

(CT), have proven quite efficient and non-destructive (Soto-Gomez et al., 2020). This technology makes it 
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possible to examine morphological characteristics through direct observation of the soil structure (Ojeda-

Magaña et al., 2014). CT has become a widespread tool for 3D soil visualization and quantification, shedding 

new light on soil functions (Helliwell et al., 2013). CT has proven to be a powerful tool that provides data that 

cannot be obtained by other means (Helliwell et al., 2013). These data enhance our understanding of soil 

structural changes caused by anthropogenic actions (Taina et al., 2008). More precisely, several soil properties 

that have not previously been amenable to analysis can now be assessed through CT scans, thus providing 

fundamental new insights into soil functions (Helliwell et al., 2013). These properties include isotropy, 

homogeneity, complexity, and hierarchical fractal (or multifractal) organization of soil constituents, contributing 

to a deeper understanding of soil’s physical, chemical, and biological processes (Schlüter et al., 2018).  

X-ray CT image analysis has already been employed to characterize the spatial distribution of pores, 

revealing the high complexity of the porous structure (Feng et al., 2020; Iassonov et al., 2009; Ojeda-Magaña 

et al., 2014; Soto-Gomez et al., 2020). The complexity of the soil structure has also been studied using 

methods originating from statistical physics, such as fractals and multifractals (Borges et al., 2019; San José 

Martínez et al., 2017; Soto-Gomez et al., 2020), information theory (Martín et al., 2017), and complex network 

theory (Samec et al., 2013; Zhang et al., 2019).  

From a structural perspective, soil can be defined as an arrangement of solid and void components (Carter, 

2004). The arrangement of these components, observed through the attenuation of X-rays, represents a 

challenge in segmentation. As a consensus has not yet been reached on the appropriate threshold for 

separating pores from solids in CT images (Tarquis et al., 2009), it was also proposed that instead of using a 

threshold, grayscale soil images should be used for multifractal characterization of the soil structure (Roy & 

Perfect, 2014; Torre et al., 2018; Zhou et al., 2011). 

The destruction and degradation of natural ecosystems are the main causes of the decline in global 

biodiversity (Haddad et al., 2015). Brazil is among the most relevant countries in the world in terms of 

preserved ecosystems and biogenetic richness, housing around 20% of the world’s biodiversity. However, 

multiple factors are responsible for changes in this scenario, and changes in land use are among the most 

important factors in biodiversity loss (Barlow et al., 2016). From 2000 to 2018, there was a decrease of 489,877 

km² in natural areas in Brazil’s six biomes, representing an 8.3% reduction in natural areas throughout the 

country. Among them, the Atlantic Forest is the biome that shows the highest percentage of degradation over 

time since it encompasses the most industrialized and productive areas, in addition to having the highest 

population density in the national territory, housing around 49.3% of the country’s urban areas (Instituto 

Brasileiro de Geografia e Estatística [IBGE], 2020). Sugarcane is one of the most prominent crops in the 

Atlantic Forest biome region, especially in the Brazilian Northeast, where cultivation is present in eight of 

the region’s nine states. For the 2022/2023 harvest, an increase of 2.9% in the planted area and 12.5% in 

production was estimated with respect to the previous sugarcane harvest in the northeast region of Brazil 

(Companhia Nacional de Abastecimento [CONAB], 2023).  

The replacement of native Atlantic Forest vegetation by sugarcane cultivation has negative impacts on the 

physical soil properties (Bordonal et al., 2018; Cherubin et al., 2015; Franco et al., 2016; Haghighi et al., 2010). 

These properties are responsible for several soil functions, such as water retention and absorption, gaseous 

processes, erosion prevention, nutrient cycling, and root growth (Rabot et al., 2018), exerting a direct 

influence on the ecosystem. 

In this work, we investigated how land use change affects the soil structure using complex network theory to 

quantify the complexity of X-ray CT of soil samples. For the first time, the visibility graph method (VG) (Lacasa et 

al., 2008), introduced to characterize a series (one-dimensional dataset) by mapping it onto a graph, was applied 

in the context of soil complexity. In this study, the “data” consisted of a set of 790×790 one-dimensional vertical 

lines of 790 grayscale values in X-ray CT images of soil samples from a sugarcane field and a nearby site in the 

Atlantic Forest, in northeastern Brazil. For each image and each of the 790×790=624100 generated networks, we 

calculated topological indices that quantify the structure of the one-dimensional data (Zou et al., 2019). These 

indices were used to distinguish between samples from the sugarcane plantation and the Atlantic Forest.  

Material and methods 

Data description 

Soil samples were collected from a sugarcane field and a nearby area of native Atlantic Forest, located in 

the state of Pernambuco in the northeastern region of Brazil. The sugarcane fields replaced the original 
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Atlantic Forest vegetation at least 60 years before the present study and have been continuously cultivated 

with sugarcane ever since. The soil at the sampling point was classified as a Latossolo in the Brazilian soil 

classification system, equivalent to Ferralsol in the World Reference Base for Soil Resources (WRB) or Oxisol 

in the United States Soil Taxonomy System. Samples were collected from the 0–10 cm soil layer using a soil 

auger containing an internal PVC cylinder measuring 7.5 cm in height by 7.5 cm in diameter. The procedure 

consisted of excavating the soil by means of careful penetration, with the cylinder attached to a blade. After 

inserting the auger into the soil, the cylinders were meticulously extracted to preserve the original structure 

of the environment contained in the PVC cylinders. In the sugarcane fields, samples were collected between 

the planting rows. For the present study, only one soil sample from the sugarcane field and one sample from 

the Atlantic Forest area were used to generate the images using X-ray microtomography. After collection, the 

samples were subjected to 40ºC to remove excess water before performing scanning tomography. CT was 

performed using third-generation Nikon XT H 225 ST X-ray microtomography equipment (Tring, 

Hertfordshire, England), operating at a voltage of 150 kV, current of 180 µA, exposure time of 500 ms, and 

resolution of 45 µm for voxels. A copper filter with a thickness of 0.5 mm was used to reduce low-intensity 

photons. After scanning the total volume of the cylinder in the initial phase of acquisition, a sub-volume of 

interest was delimited and recreated using CTPro 3D XT 3.0.3 software (Nikon Metrology NV). The central 

part of the cylinder was extracted to avoid interference from the edges. The axial 2D reconstructions 

maintained the 45 μm spatial resolution of the original acquisition and were stored at a 16-bit radiometric 

resolution (grayscale levels). The resulting volume was 790 stacks with 790×790 pixels, with a resulting 

volume of 7903 = 493,039,000 voxels. 

The voxel values of CT images refer to the local density of the sample, and the sequence of values in the 

vertical direction (gravity), in this situation, considered naturally preferable from a phenomenological point 

of view, was treated as a one-dimensional dataset, or as a time series of values seen by a virtual observer 

traveling at constant speed down the vertical direction. 

Transformation of one-dimensional data into complex networks 

To analyze the images, a method for mapping one-dimensional data (such as a time series) onto complex 

networks was adopted. Complex networks are networks that have significant and non-trivial topological 

characteristics, exhibiting connection patterns between their elements that are neither completely regular 

nor completely random and composed of nodes and links. A number of methods have been developed to 

transform a time series into a complex network, with each node representing numerical values in the time 

series and the weight of a link between any two nodes corresponding to an appropriate quantitative relation 

(Yu, 2013); that is, the study of the complex networks has been focused on graph theory (Bollobás, 2013).  

An undirected or directed graph (Figure 1) is represented by G = (N, L), where the elements of N ≡ {n₁, n₂, …, nₘ} 

are the nodes (or vertices) of the graph G, while the elements of L ≡ {l₁, l₂, …, lₖ} are the links (or connections or edges). 

In an undirected graph, each edge between nodes i and j, is denoted by (i, j) or lᵢj , and these nodes are referred to as 

adjacent or neighboring. In a directed graph, the order of the two nodes is important: lᵢj  represents an edge from i, to 

j and lᵢj  ≠ lⱼi  (Boccaletti et al., 2006). A common way to visualize a graph is by representing each node by means of a 

point, and the connections are indicated by connecting two points with a line. 

.  

Figure 1. Representation of an undirected (a) and directed (b) graph. Source: Boccaletti et al. (2006). 

According to Zou et al. (2019), there are several classes of complex networks available for time series 

analysis based on network construction criteria, such as: 

(i) Mutual statistical similarity or metric proximity between different segments of a time series; 

(ii) Convexity of successive observations; 

(iii) Probability of transition between discrete states. 

(a) 

 

(b) 
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In the first class, the similarity (or proximity) relationship between different parts of the trajectory of a 

dynamic system is used to construct the network.  A relevant example is recurrence networks. The second 

class covers visibility graphs and associated concepts, while the third class encompasses transition networks, 

which are based on ideas from symbolic dynamics and stochastic processes (Zou et al., 2019). 

Visibility graph 

Lacasa et al. (2008) introduced an innovative methodology for characterization of time series in complex 

networks called the Visibility Graph (VG). The VG transforms time series into a graph, where each node 

corresponds to the data of the original series, and the connection (link) between two nodes is established 

based on the following geometric visibility criterion. 

Let ya < yb be two values of the time series observed at time ta and tb, with ta < tb. They are visible to each 

other (and consequently are connected nodes of the graph), if all other data yc observed at time tc between 

such that ta < tc < tb satisfy the following rule:   

𝑦𝑐 < 𝑦𝑏 + (𝑦𝑎 − 𝑦𝑏)
𝑡𝑎−𝑡𝑐

𝑡𝑏−𝑡𝑎
           (1) 

In the associated graph, each node “sees” at least its neighbors immediately to the right and left. The graph 

is undirected (there is no defined direction of the links) and is invariant to affine transformations of the data 

series, i.e., the visibility criterion is unchanged under the rescaling of the horizontal and vertical axes and 

under horizontal and vertical translations (Lacasa et al., 2008). An example of a time series containing 20 data 

values, and the graph derived from the visibility algorithm associated with it are shown in Figure 2. In the 

graph, each node corresponds sequentially to the data in the original series. The connections between the 

nodes are defined by the visibility radii between the data. 

 

Figure 2. An illustrative example of a time series, which is represented by vertical bars (at the top), and its corresponding visibility 

graph is generated by the VG algorithm (at the bottom). Source: Lacasa et al. (2008). 

Topological indices of the visibility graph 

A network generated from the VG algorithm can be represented by its adjacency matrix A = [aᵢⱼ] where 

aᵢⱼ = 1 if the nodes i and j are connected and, aᵢⱼ = 0, otherwise. The matrix A can be used to calculate the 

topological properties of the network (Lacasa et al., 2008; Luque et al., 2009), such as clustering 

coefficient C, average shortest path ⟨dᵢⱼ⟩, and average degree ⟨k⟩, which are the indices calculated in this 

study. The analysis of the topological indices of complex networks permits quantitative analysis of the 

morphological structure that governs the one-dimensional data (vertical columns of voxels) of the 3D 

images of the soil samples under study. 

The definition of the clustering coefficient was proposed by Watts and Strogatz (1998) to quantify the 

probability of nodes creating united groups with a relatively high density of connections. The clustering 

coefficient C is defined as follows: Suppose a node i has kᵢ neighbors such that at most 𝑘𝑖
(𝑘𝑖−1)

2
 edges can exist 

between them (this occurs when all of its neighbors 𝑖 are connected to all other neighbors). Therefore, the 
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ratio of the number of connections (Ei) that actually exists between these neighboring nodes kᵢ and the total 

number 𝑘𝑖
(𝑘𝑖−1)

2
 gives the local clustering coefficient, defined as: 

𝐶𝑖 =
2𝐸𝑖

𝑘𝑖−(𝑘𝑖−1)
            (2) 

The average value of the clustering coefficient C of all nodes is called the clustering coefficient of the 

network, defined as: 

𝐶 =
1

𝑛
∑ 𝐶𝑖
𝑛
𝑖=1             (3) 

where 𝑛 is the number of nodes in the network. By definition 0 ≤ Cᵢ ≤ 1 and 0 ≤ C ≤ 1. 

The average shortest path is a fundamental measure of separation between two nodes in the graph 

(Boccaletti et al., 2006). This measure reveals the level of integration of a graph and the ease with which 

information or other entities can be transported through the network. This topological index is given by the 

average of the shortest paths between all possible pairs of nodes: 

⟨𝑑𝑖𝑗⟩ =
1

𝑁(𝑁−1)
∑ 𝑑𝑖𝑗𝑖𝑗            (4) 

Where dij is the shortest distance between nodes i and j, that is, the number of edges traveled on the shortest 

path to get from i to j (Stam & Reijneveld, 2007). The shorter this length, the greater the integration of the 

network and the more efficient the transport of information within it. 

In a graph, the different nodes may present variations in the number of connections, and this quantity is 

the denominated node degree. The degree is a principal characteristic of a network since it allows the 

derivation of several relevant measures (Yu, 2013). The average degree is the average value of degrees of all 

nodes in the complex network. 

Results and discussion 

The topological indices of the VG network for soil samples with sugarcane and Atlantic Forest cover are 

presented in Table 1 (descriptive statistics), Figure 3 (spatial distribution in the horizontal plane), and 

Figure 4 (histograms). 

Table 1 shows that the average degree revealed the greatest difference between the two samples. All values 

were higher for the Atlantic Forest, indicating a greater number of connections between the network nodes. 

For soil covered by sugarcane, these connections decreased, reflecting the degradation of morphological 

properties caused by changes in land use. This can be confirmed in Figure 4, as: i) the histograms of the 

average length of the shortest path values overlap; this index is not indicated to quantify soil degradation; ii) 

the clustering coefficient and average degree indices show well-separated histograms, which are more 

separated for the average degree. The spatial distribution (in the horizontal plane) of the topological indices 

showed greater heterogeneity for the Atlantic Forest sample than for sugarcane (Figure 3), being more 

heterogeneous for the average degree index. These results indicate that in VG analysis, the average degree 

index was more used to quantify the level of soil degradation caused by the change in vegetation cover. This 

work is a pilot study showing that the VG method is promising for analyzing soil structure through the 

influence of its use. As only two samples were used (one for each with vegetation cover), more samples need 

to be compared to confirm the validity of this approach through statistical tests. 

Table 1. Descriptive statistics of the topological measures of the VG network obtained from the soil sample covered by sugarcane (SC) 

and the Atlantic Forest (AF). 

Descriptive statistics 

Topological indexes 

Clustering coefficient C Average shortest path ⟨dᵢj ⟩ Average degree ⟨k⟩  
SC AF SC AF SC AF 

Mean 0.713 0.699 4.623 4.648 10.340 12.437 

Standard deviation 0.007 0.008 0.285 0.303 0.479 0.742 

Minimum 0.672 0.659 2.899 2.920 8.562 9.316 

1st Quartile 0.708 0.694 4.474 4.478 10.020 11.916 

Median 0.713 0.699 4.626 4.643 10.299 12.380 

3rd Quartile 0.718 0.705 4.790 4.825 10.605 12.889 

Maximum 0.745 0.738 6.270 7.131 16.448 19.562 
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Figure 3. Color-coded VG index values of the soil sample with sugarcane cover, (a) clustering coefficient (b) average shortest path, and 

(c) average degree; and with Atlantic Forest cover, (d) clustering coefficient (e) average shortest path, and (f) average degree. The color-

coding scheme was chosen to emphasize the contrast between the topological measurements of the samples, with limits corresponding 

to ±1.5 standard deviations of the composite sample, and the composite mean. 

 

Figure 4. Histograms of the indices calculated from the VG metrics for the two samples. 

Conclusion 

This work presented the use of the VG method from complex network theory to analyze the structure of 

CT images of soil covered by sugarcane and the Atlantic Forest. Based on the analysis of VG topological 

indices, it can be concluded that: i) Calculated for each vertical line of voxels, the clustering coefficient and 

average shortest path indicated that the change in vegetation cover—conversion of native forest to 

sugarcane—altered the morphological properties of the soil in the direction of greater homogeneity, greater 

connectivity, and efficiency of information transport of the networks. ii) The average degree showed the 

greatest difference between the two samples. In this context, it stood out as the index most used to quantify 

the degradation of soil morphological properties caused by changes in vegetation cover. The results of this 

study may be useful for developing and validating theoretical and computational models for studying soil 

structures. The VG method, which had not been applied to the study of three-dimensional soil images until 

now, proved efficient in capturing the structural properties of networks generated from one-dimensional 

data, such as a time series, which here was the vertical lines of voxels of the CT images. In future work, other 

topological measures of visibility graphs can be explored and used to study soil structure behavior. 

(a) 

 

(b) 

 

(c) 

 

(d) 

 

(e) 

 

(f) 

 

 

   

 



Use of visibility graph 7 of 9 

Acta Scientiarum. Agronomy, v. 47, e72576, 2025 

Furthermore, variations of the VG method can be applied, such as the horizontal visibility graph (Luque et al., 

2009), limited penetrable horizontal visibility graph (Wang et al., 2018), weighted visibility graph (Supriya 

et al., 2016), and multiscale visibility graph (Li & Zhao, 2018). 

Data availability 

Not applicable. 
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