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ABSTRACT 25 

Near-surface density is essential for gravity correction and the interpretation of shallow mass variations, but 26 

classical gravity–topography methods generally provide only a single representative value for an entire 27 

profile or survey area. This study develops a spatial workflow that extends the Parasnis formulation to local 28 

moving-window regression over gridded datasets, while retaining the Nettleton and global Parasnis methods 29 

as reference estimators. The approach was first assessed using a controlled two-dimensional synthetic model 30 

with lateral variations in topography, density, and gravity response. Although local pointwise deviations 31 

remained, the moving-window solution preserved the dominant spatial organization of the reference density 32 

field and recovered its principal density-related compartments. The method was subsequently applied to 33 

topographic and Bouguer anomaly data from the Altamira region, northern Brazil. After applying physically 34 

plausible bounds, the local Parasnis analysis produced a spatially coherent empirical density field, and the 35 

corresponding local-correlation map provided an auxiliary measure of the stability of the gravity–36 

topography relationship. The results show that local gravity–topography regression can extend classical 37 

representative-density estimation into a spatially distributed framework for identifying relative mass-related 38 

contrasts. The recovered values should be interpreted as empirical density indicators rather than direct 39 

measurements. The workflow is computationally simple, transferable to other gridded gravity datasets, and 40 

potentially useful for applied, environmental, and near-surface geophysical investigations. 41 

 42 

Key-words: near-surface density; gravity–topography relationship; Parasnis method; Nettleton method; 43 

moving-window analysis. 44 

  45 
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1 INTRODUCTION 46 

Density is a fundamental physical property in geophysics because it controls mass distribution and 47 

directly influences the gravitational response of near-surface and subsurface materials. Spatial density 48 

variations are commonly associated with changes in lithology, degree of weathering, porosity, compaction, 49 

moisture content, and structural organization, making density essential for gravity correction, forward 50 

modeling, inversion, and geological interpretation (Blakely 1996; Hinze et al. 2013; Roy 2007; Telford et 51 

al. 1990). In shallow investigations, density is also closely related to the physical condition of soils and 52 

unconsolidated materials, as it reflects variations in pore-space arrangement, mechanical resistance, water-53 

storage capacity, and horizon development. For this reason, density has long been recognized as a relevant 54 

parameter not only in geophysical studies but also in environmental, pedological, hydrogeological, and land-55 

use investigations (Coutinho 2019; Cunha et al. 2018; Freitas et al. 2018; Gouveia and Nobre 2016; Pádua 56 

et al. 2015; Pimenta 2018; Uchôa et al. 2011). 57 

Over the last decades, the growing demand for spatially distributed information on shallow materials 58 

has stimulated the integration of geophysics with soil science, environmental monitoring, and agricultural 59 

studies. This development has contributed to the consolidation of agrogeophysics as an interdisciplinary 60 

field that uses geophysical observations to investigate soil properties, landscape dynamics, hydrological 61 

behavior, crop-related processes, and subsurface heterogeneity in managed environments (Allred et al. 2008, 62 

2010, 2016; Garré et al. 2017, 2021; Romero-Ruiz et al. 2025). In this broader context, geophysical methods 63 

have increasingly been employed as non-destructive tools for characterizing the shallow subsurface, 64 

complementing direct sampling, and supporting spatial interpretation where conventional point 65 

measurements are sparse or logistically limited (Groves et al. 2011; Luna and Jadi 2000; Romero-Ruiz et 66 

al. 2018). 67 

A wide range of studies has shown that geophysical data can provide relevant information on soil 68 

structure, compaction, texture, water dynamics, shallow stratigraphy, and other properties of environmental 69 

and agricultural interest. Electrical and electromagnetic methods have been widely used to investigate 70 

apparent electrical conductivity, salinity, soil–water interactions, and spatial variability associated with 71 

agronomic management zones (Brown et al. 2021; Corwin 2008; Farifteh et al. 2006; von Hebel et al. 2021). 72 

Time-lapse geophysical approaches have also been successfully applied to assess soil-moisture dynamics 73 

and the effects of agricultural practices on shallow water redistribution (Blanchy et al. 2020). Integrated 74 

geophysical frameworks have further contributed to the investigation of soil pipes, compaction, root-water 75 

uptake, and hydrodynamic behavior in structured soils (Cimpoiașu et al. 2021; Kuhl et al. 2021; Samad et 76 

al. 2022). Seismic and other near-surface geophysical methods have likewise been used to assess soil-77 

compaction levels, bedrock depth, and shallow stratigraphic architecture, reinforcing the practical 78 
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importance of indirect techniques for characterizing heterogeneous terrains (Barboza-Miranda et al. 2025; 79 

Carrera et al. 2024; Julyani et al. 2025; Siregar et al. 2026). 80 

The interpretation of soil-related geophysical data has advanced considerably through the integration 81 

of geophysical measurements with geostatistics, remote sensing, unmanned aerial vehicle products, machine 82 

learning, agrogeological information, and direct soil observations. Geophysical and geostatistical techniques 83 

have been combined to map the spatial variation of clay content (De Benedetto et al. 2012), whereas 84 

agrogeophysical and agrogeological approaches have been applied to estimate soil clay content in 85 

heterogeneous environments (Kritikakis et al. 2022). Remote sensing, solute modeling, and geophysical 86 

observations have also been integrated to assess salt-affected soils (Farifteh et al. 2006), while geophysical 87 

techniques combined with unmanned aerial vehicle mapping have been used to detect and monitor soil pipes 88 

and collapse features in agricultural landscapes (Hosseinalizadeh et al. 2025). More recently, machine 89 

learning, geophysical data, and field measurements have been integrated to predict wetland soil properties 90 

(Driba et al. 2024), and agrogeophysical approaches have been applied to estimate A-horizon thickness in 91 

long-term cropping systems (Ramos et al. 2026). These developments illustrate the growing role of 92 

geophysics in providing spatially continuous information for interpreting near-surface variability in 93 

environmental and agricultural investigations (Krüger et al. 2013; O’Leary et al. 2026). 94 

The expansion of geophysical applications has reinforced the understanding that indirect geophysical 95 

observables can provide valuable information even when the target property is not measured directly. 96 

Reviews and perspective studies have emphasized that one of the central challenges in agrogeophysics is 97 

transforming indirect measurements into physically meaningful spatial estimates of soil and near-surface 98 

attributes (Garré et al. 2017, 2021; Romero-Ruiz et al. 2018, 2025). This challenge involves not only water-99 

related variables and conductivity-based indicators but also structural and mechanical properties, including 100 

compaction, pore-system organization, mineralogical contrasts, and density-related variability (Carrera et 101 

al. 2024; Menshov et al. 2012; Siregar et al. 2026). In this context, density is particularly relevant because 102 

it is physically linked to the gravitational field and, at the same time, associated with porosity trends, 103 

material compactness, and the internal organization of shallow layers. 104 

Among the available geophysical observables, gravity data are particularly suitable for empirical 105 

density analysis because they respond directly to mass distribution. This physical relationship makes 106 

gravimetry relevant to near-surface investigations in which representative density values are required for 107 

Bouguer correction, anomaly interpretation, and preliminary characterization of shallow materials. The 108 

importance of laterally variable density models has also been emphasized in recent gravimetric studies, 109 

which show that spatial density variations can significantly affect the accuracy of gravity corrections and 110 

the interpretation of complex geological settings (Nergizci et al. 2024; Niu et al. 2025). Although gravimetry 111 

is more commonly associated with crustal- and basin-scale investigations, its direct sensitivity to density 112 
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makes it a useful tool for empirical density estimation when combined with topographic information in 113 

shallow and regional applications. 114 

Classical gravity-based strategies for empirical density estimation are traditionally represented by the 115 

Nettleton and Parasnis methods. In the Nettleton method, density is estimated by identifying the value that 116 

minimizes the relationship between Bouguer anomaly and elevation along a profile (Nettleton 1939). The 117 

Parasnis method expresses the same physical principle through a regression-based relationship between 118 

gravity and topography, from which density can be estimated analytically from the slope of the fitted line 119 

(Orihuela 1997; Parasnis 1997). Both methods are conceptually simple, computationally inexpensive, and 120 

physically interpretable, which explains their continued relevance in empirical density studies. However, 121 

most traditional applications remain focused on profile-based analyses and on determining a single 122 

representative density for a given area (Nettleton 1939; Orihuela 1997; Parasnis 1997). This is an important 123 

limitation because modern near-surface datasets are commonly organized as regular grids, whereas shallow 124 

materials rarely behave as laterally homogeneous media. Soil and regolith properties may vary substantially 125 

over short distances because of differences in texture, weathering, moisture conditions, compaction, 126 

stratigraphic organization, and land-use history, as documented in several near-surface and soil-127 

characterization studies (Carrera et al. 2024; De Benedetto et al. 2012; Driba et al. 2024; Julyani et al. 2025; 128 

Kritikakis et al. 2022; Ramos et al. 2026). Under such conditions, a single density value may be insufficient 129 

to represent local variability, whereas moving-window estimates may provide a more informative 130 

representation of the spatial behavior of the shallow subsurface. 131 

This limitation is particularly relevant in near-surface density studies because density may serve as a 132 

first-order indicator of material organization and may also be interpreted, with appropriate caution, in 133 

relation to compaction and porosity trends. Although the present study does not aim to produce porosity 134 

maps as a primary result, the physical relationship between density and pore-space distribution reinforces 135 

the broader value of obtaining spatially coherent density patterns from gravity–topography relationships. 136 

This interpretative perspective is consistent with recent studies in agrogeophysics and near-surface 137 

geophysics, in which geophysical information has been used to support the analysis of soil structure, 138 

compaction, root-zone behavior, moisture dynamics, shallow stratigraphy, and other properties related to 139 

the physical organization of the subsurface (Blanchy et al. 2020; Brown et al. 2021; Cimpoiașu et al. 2021; 140 

Garré et al. 2021; Kuhl et al. 2021; O’Leary et al. 2026; Romero-Ruiz et al. 2018, 2025; Samad et al. 2022; 141 

Siregar et al. 2026). 142 

In this context, the present study investigates the empirical estimation of near-surface density from 143 

gravity–topography relationships using the classical Nettleton and Parasnis methods, with particular 144 

emphasis on extending the Parasnis formulation to local moving-window analysis over gridded datasets. 145 

The proposed workflow is first evaluated through a controlled two-dimensional synthetic experiment in 146 
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which the reference density field is known, allowing the spatial behavior of the local estimates to be assessed 147 

directly. A representative profile extracted from the synthetic model is then used to compare the global 148 

Nettleton and Parasnis estimates with the spatially variable local Parasnis solution. Finally, the methodology 149 

is applied to real topographic and gravimetric data from northern Brazil to examine its practical performance 150 

under natural conditions. By transforming a classical representative-density estimator into a spatially 151 

distributed framework, the study seeks to provide a computationally simple and physically interpretable 152 

approach for identifying relative density contrasts in heterogeneous shallow environments. The resulting 153 

values are interpreted as empirical density indicators rather than direct measurements, and their potential 154 

applications include applied, environmental, and near-surface geophysical investigations. 155 

 156 

2 MATERIALS AND METHODS 157 

2.1 Physical basis of the gravity–topography relationship 158 

The Nettleton and Parasnis methods are based on the gravitational effect of topographic masses. In 159 

gravity surveys, the observed field contains contributions from both shallow and deep sources, and part of 160 

the signal measured in areas of significant relief is associated with the mass excesses and deficiencies 161 

produced by topography. Because the magnitude of this contribution depends on the density of the near-162 

surface materials, the relationship between gravity and topography can be used to estimate an empirical 163 

representative density for the analyzed domain (Blakely 1996; Hinze et al. 2013; Roy 2007; Telford et al. 164 

1990). 165 

Let 𝑔௢௕௦ denote the observed gravity at an elevation ℎ. A corrected gravity anomaly may be expressed 166 

as 167 Δ𝑔 = 𝑔ை௕௦ − 𝑔௧ℎ + 𝑔ி஺ߜ − 𝑔஻ீߜ  (1) 168 

where 𝑔௧ℎ is the theoretical gravity, ߜ𝑔ி஺  is the free-air correction, and ߜ𝑔஻ீ  is the Bouguer 169 

correction. Under the infinite-slab approximation, the Bouguer correction is given by 170 δ𝑔஻ீ =  ℎ (2) 171ߩܩߨ2

where ܩ  is the gravitational constant and ߩ  is the density assigned to the topographic masses. 172 

Therefore, 173 Δ𝑔 = 𝑔ை௕௦ − 𝑔௧ℎ + 𝑔ி஺ߜ −  ℎ (3) 174ߩܩߨ2

Equation (3) shows that the corrected gravity anomaly depends explicitly on the adopted density. If the 175 

tested density is too low, the topographic effect is undercorrected and the residual anomaly retains a 176 

systematic relationship with relief. Conversely, if the density is too high, the correction is excessive and the 177 

anomaly may develop an opposite trend with elevation. The most appropriate empirical density is therefore 178 

the value that minimizes the residual dependence between the corrected gravity anomaly and topography. 179 

This principle provides the common physical basis of the Nettleton and Parasnis methods. 180 



7 
 

 181 

2.2 Nettleton method 182 

The Nettleton method is a classical procedure for estimating a representative near-surface density from 183 

gravity observations acquired over variable relief (Nettleton 1939; Hinze et al. 2013). Its underlying 184 

principle is that, when the appropriate density is used in the Bouguer correction, the corrected gravity 185 

anomaly should exhibit minimum systematic dependence on topography. The method therefore evaluates a 186 

set of candidate densities and identifies the value that most effectively removes the correlation between 187 

corrected anomaly and elevation. 188 

For a tested density ߩ௝, the corrected anomaly at the ݅-th observation may be written as 189 Δ𝑔௜(ߩ௝) = 𝑔௢௕௦,௜ − 𝑔௧ℎ,௜ + 𝑔ி஺,௜ߜ −  ௝ℎ௜ (4) 190ߩܩߨ2

where ℎ௜  is the elevation of the observation point. A set of candidate densities 1ߩ 2ߩ , , …  ௠ is 191ߩ ,

evaluated, and the relationship between elevation and corrected anomaly is quantified for each candidate 192 

using the Pearson correlation coefficient:  193 ݎ(݌௝) = ∑ (Δ𝑔௜(ߩ௝) − Δ𝑔௜(ߩ௝))ே௜=1 ⋅ (ℎ௜ − ℎ)√∑ (Δ𝑔௜(ߩ௝) − Δ𝑔௜(ߩ௝))2ே௜=1 ⋅ √∑ (ℎ௜ − ℎ)2ே௜=1 (5) 194 

where ℎ is the mean elevation and Δ𝑔ప(ߩఫ)̅̅ ̅̅ ̅̅ ̅̅ ̅̅  is the mean corrected anomaly obtained for the tested density 195 ߩ௝. 196 

The Nettleton density estimate is therefore defined as 197 ߩ∗ = arg minρೕ  198 (6) |(௝݌)ݎ|

This formulation preserves the original physical basis of the Nettleton method while replacing 199 

subjective visual comparison with an explicit and reproducible statistical criterion. In practice, the method 200 

is particularly suitable for profile-based analysis and for estimating a single representative density over a 201 

finite set of observations. 202 

 203 

2.3 Parasnis method 204 

The Parasnis method expresses the same physical principle in analytical form by estimating density 205 

directly from the linear relationship between gravity anomaly and elevation (Orihuela 1997; Parasnis 1997). 206 

For a given set of observations, this relationship may be represented as 207 ߂𝑔௜ = 0ߚ + 1ℎ௜ߚ + ߳௜ (7) 208 

where 0ߚ is the intercept, 1ߚ is the slope, and ߳௜ is a residual term. Comparison with Eq. (3) indicates 209 

that 210 1ߚ =  211 (8) ߩܩߨ2−
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and therefore 212 ̂ߩ௉ = − ܩߨ12ߚ  (9) 213 

The negative sign follows the convention adopted in Eq. (3), in which the Bouguer correction is 214 

subtracted from the gravity quantity. When an alternative gravity or correction convention is used, the 215 

operational sign of the estimator must be adjusted accordingly.  216 

Under ordinary least squares, the regression slope is estimated as 217 ̂1ߚ = ∑ (ℎ௜ − ℎ) ⋅ 𝑔௜߂) − 𝑔)ே௜=1߂ ∑ (ℎ௜ − ℎ)2ே௜=1 (10) 218 

which leads to the Parasnis density estimator 219 ̂ߩ௉ = − ܩߨ12 ⋅ ∑ (ℎ௜ − ℎ) ⋅ 𝑔௜߂) − 𝑔)ே௜=1߂ ∑ (ℎ௜ − ℎ)2ே௜=1  (11) 220 

Equivalently, using covariance and variance notation, 221 ̂ߩ௉ = − ܩߨ12 ⋅ Cov(߂𝑔, ℎ)Var(ℎ)  (12) 222 

This analytical formulation provides an objective and computationally efficient density estimate. Its 223 

simple regression structure makes the Parasnis method particularly suitable for repeated calculations over 224 

multiple subsets of observations. The sign convention adopted in Eqs. (9)–(12) follows the formulation 225 

introduced in Eq. (3) and must remain consistent throughout the implementation and interpretation. 226 

 227 

2.4 Extension to local spatial estimation 228 

Although the Nettleton and Parasnis methods are classically applied to profiles or complete observation 229 

sets, the Parasnis formulation can be extended naturally to two-dimensional gridded datasets through local 230 

moving-window analysis. In this approach, each grid node is treated as the center of a spatial neighborhood 231 

containing paired elevation and gravity values. Density is then estimated from the local covariance between 232 

topography and gravity anomaly within that neighborhood. For a moving window centered at node k, the 233 

local density estimate is expressed as 234 ̂ߩ௉,௞ = − ∑ (ℎ௜ − ℎ௞) ⋅ 𝑔௜߂) − ܩߨ𝑔௞)௜∈ௐೖ2߂ ∑ (ℎ௜ − ℎ௞)௜∈ௐೖ 2  (13) 235 

where ௞ܹ denotes the set of observations contained in the window centered at node ݇, while ℎ௞ and 236 Δ𝑔௞ are the corresponding local mean elevation and local mean gravity anomaly.  237 

Equation (13) is mathematically equivalent to the global Parasnis estimator; only the spatial support of 238 

the calculation changes from a complete profile or observation set to a local neighborhood. Repeating the 239 

estimation for each valid grid node produces a spatially distributed empirical density field rather than a 240 
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single representative value. This local formulation is particularly relevant for heterogeneous shallow 241 

environments, in which soil, regolith, and weathered materials may exhibit substantial lateral variability. 242 

The moving-window approach therefore provides a practical framework for mapping relative density 243 

variations over gridded synthetic and real datasets (De Benedetto et al. 2012; Driba et al. 2024; Garré et al. 244 

2021; Ramos et al. 2026; Romero-Ruiz et al. 2018, 2025). 245 

 246 

3 SYNTHETIC TEST FOR VALIDATION 247 

A synthetic test was conducted to evaluate the proposed workflow under controlled conditions in which 248 

the reference density field was known a priori. This validation stage allowed direct comparison between the 249 

prescribed and estimated density distributions and assessment of whether the local Parasnis formulation 250 

could recover the dominant spatial organization of the modeled shallow materials. The analysis was centered 251 

on a single two-dimensional experiment because the main objective of the study was to investigate spatially 252 

distributed density estimation over gridded domains rather than to develop additional profile-based synthetic 253 

cases. 254 

The synthetic model was defined on a regular grid of 81×81 nodes, totaling 6561 points over an area 255 

of 40×40 km. The ݔ − and ݕ −coordinates ranged from 0 to 40,000 m, with a grid spacing of 500 m. The 256 

model was designed to represent a laterally variable shallow environment, with spatial contrasts expressed 257 

through topography, density, and the corresponding gravity response. This configuration was adopted 258 

because a heterogeneous model is more representative of the spatial variability expected in natural near-259 

surface settings, where density rarely behaves as a laterally uniform parameter. 260 

The synthetic topographic field was constructed to include smooth but spatially distinct relief domains, 261 

allowing the gravity–topography relationship to vary across the modeled area. Based on this topography, a 262 

reference density field was prescribed to represent shallow-material domains with different physical 263 

properties. The resulting density values ranged from 2638.62 to 2818.61 kg m-3, with a mean of 2670.00 264 

kg m-3 and a standard deviation of 43.28 kg m-3. Synthetic gravity was then generated from the combined 265 

effects of topography and density, with Gaussian noise of 0.05 mGal added to produce a more realistic 266 

controlled scenario. In this model, topography ranged from −79.69 to 299.81 m, whereas synthetic gravity 267 

ranged from −11.08 to 68.95 mGal. 268 

In addition to the continuous density field, an initial thematic classification was defined from the 269 

prescribed density intervals to group the model into spatial domains with distinct physical behavior. This 270 

thematic product was not intended to represent a formal soil or geological classification, but rather a 271 

simplified interpretative scheme based on relative density contrasts within the modeled shallow subsurface. 272 

Its inclusion in the synthetic experiment allowed the evaluation to consider not only the numerical recovery 273 

of density values but also the extent to which the estimated field preserved the principal spatial 274 
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compartments of the reference model. Figure 1 presents the reference products of the synthetic experiment, 275 

including the synthetic topography, the prescribed density field, the corresponding synthetic gravity 276 

response, and the initial thematic classification adopted as an interpretative benchmark. 277 

 278 

  

(a) (b) 

  

(c) (d) 

Figure 1: Reference products of the synthetic experiment: (a) synthetic topography, ranging from −79.69 to 279 

299.81 m; (b) prescribed density field, ranging from 2638.62 to 2818.61 kg m-3, with a mean of 2670.00 kg 280 

m-3 and a standard deviation of 43.28 kg m-3; (c) synthetic gravity field generated from the combined effects 281 

of topography and density, including Gaussian noise of 0.05 mGal, and ranging from −11.08 to 68.95 mGal; 282 

and (d) initial thematic classification derived from the prescribed density intervals and adopted as an 283 

interpretative reference for evaluating the spatial recovery of the proposed workflow 284 

 285 

The local Parasnis method was applied to the synthetic grid using square moving windows centered 286 

on each node. Because the purpose of the synthetic experiment was to evaluate spatial recovery, the 287 

workflow produced pointwise estimates of density and local correlation throughout the grid. A window-288 
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sensitivity analysis was also performed to identify the most stable configuration for the local regression. 289 

Moving windows of 5×5, 7×7, 9× 9, 11×11, and 13×13 nodes were evaluated. The corresponding 290 

solutions were compared in terms of mean estimated density, standard deviation, mean local correlation, 291 

root mean square error (RMSE), mean absolute error (MAE), and number of valid estimates. This 292 

comparison allowed the influence of the spatial support of the regression on the stability and accuracy of 293 

the estimated density field to be assessed. 294 

The best overall performance was obtained with the 13×13 moving window, which provided the 295 

most stable local regression and the most favorable global error metrics among the tested configurations. 296 

For this solution, all 6561 grid nodes were successfully estimated. The resulting density field had a mean of 297 

2634.73 kg m-3 and a standard deviation of 144.41 kg m-3, while the mean local correlation was 0.9952. The 298 

MAE was 102.34 kg m-3, and the RMSE was 153.48 kg m-3. These results indicate that the method does not 299 

reproduce the reference field exactly at every node, which is expected in a heterogeneous model where 300 

density varies laterally within the moving windows. Figure 2 summarizes the main results obtained with the 301 

selected 13×13 moving window. The estimated density field illustrates the spatial organization recovered 302 

by the local Parasnis method, whereas the error histogram summarizes the pointwise deviations between the 303 

estimated and prescribed density values. 304 

  

(a) (b) 

Figure 2: Main results of the selected synthetic solution obtained with the 13×13 moving window: (a) 305 

estimated density field, with a mean of 2634.73 kg m-3 and a standard deviation of 144.41 kg m-3; and (b) 306 

histogram of pointwise density-estimation errors relative to the prescribed reference field, showing the 307 

distribution of local deviations over all grid nodes 308 

Although the global error metrics improved as the moving-window size increased, the pointwise 309 

Pearson correlation between the prescribed and estimated density fields over the complete grid remained 310 

low, at 0.0333. This result indicates that the local Parasnis method was more effective in recovering the 311 
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dominant spatial compartments of the synthetic model than in reproducing the exact density value assigned 312 

to each individual node. This distinction is important because the proposed workflow is intended primarily 313 

to identify coherent spatial patterns and relative density contrasts rather than to provide exact pointwise 314 

reconstruction in strongly heterogeneous environments. 315 

To complement the grid-scale assessment, a representative profile was extracted from the synthetic 316 

model to compare the prescribed density variation with the local Parasnis estimates and the global solutions 317 

obtained using the Nettleton and Parasnis methods. The profile-based analysis provides a more direct 318 

representation of the differences between a single representative density and a spatially varying estimate 319 

derived from local regression. The relationship between the prescribed and locally estimated density values 320 

along the selected profile was also examined through a scatter plot, providing complementary measures of 321 

agreement for this specific transect. 322 

Along the selected profile, the global Parasnis and Nettleton methods converged to the same 323 

representative density of 1.380 g cm-3, confirming the consistency of the two classical formulations under 324 

the synthetic configuration considered here. However, because both global methods return a single value 325 

for the entire observation set, they cannot represent the lateral density variations prescribed in the reference 326 

model. In contrast, the local Parasnis solution captured part of the spatial trend of the reference density, 327 

although deviations in amplitude and offset remained along some portions of the profile. This behavior 328 

reinforces the distinction between global representative-density estimation and local spatial density 329 

recovery, which constitutes the central methodological focus of the study.  330 

Figure 3 presents the local correlation profile together with the density comparison along the extracted 331 

section. The local correlation profile identifies portions of the transect where the gravity–topography 332 

relationship is more stable, whereas the density-comparison profile shows that the global Parasnis and global 333 

Nettleton methods converged to nearly the same representative density, both equal to 1.380 g/cm³. 334 

 
 

(a) (b) 
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Figure 3: Profile-based evaluation extracted from the synthetic model: a scatter plot comparing the 335 

prescribed density and the local Parasnis estimates along the selected profile, with ݎ = ܧܣܯ g cm-3, and 0.199 336= ܧܵܯܴ ,0.824 = 0.139 g cm-3; and b comparison between the prescribed density variation, the 337 

local Parasnis estimate, and the global Parasnis and Nettleton solutions. The two global methods converged 338 

to the same representative density of 1.380 g cm-3, whereas the local Parasnis solution captured part of the 339 

lateral variability of the reference field. 340 

 341 

3.1 Implications for density-based thematic classification 342 

An important outcome of the synthetic analysis was the recovery of the main thematic pattern 343 

associated with the reference density model, even though the pointwise density errors were not negligible. 344 

In many near-surface applications, the most relevant result is not necessarily the exact reconstruction of 345 

density at every grid node, but the identification of spatially coherent zones characterized by relatively lower 346 

or higher density values. Such contrasts may reflect differences in material organization, compactness, 347 

porosity trends, or other physically relevant properties of the shallow subsurface. 348 

Figure 4 compares the reference thematic classification of the synthetic model with the classification 349 

derived from the estimated density field. Despite the local deviations observed in the continuous density 350 

estimates, the two maps exhibit similar large-scale spatial compartmentalization. This comparison indicates 351 

that the moving-window workflow preserved the dominant organization of the density-based domains 352 

represented in the synthetic model. 353 

(a) (b) 

Figure 4: Comparison between the density-based thematic classifications of the synthetic model: a reference 354 

classification derived from the prescribed density field; and b classification derived from the locally 355 

estimated density field. The comparison shows that the moving-window workflow preserved the dominant 356 

spatial compartments of the reference model, despite local deviations in the continuous density estimates 357 

 358 
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This result is particularly relevant to the real-data application because no independent reference density 359 

map is available for direct comparison in the Altamira region. Under such conditions, the recovery of 360 

spatially coherent density-based domains provides complementary support for interpreting the empirical 361 

density field. The synthetic experiment therefore strengthens the methodological basis of the study by 362 

showing that local gravity–topography regression can support spatial density mapping and preliminary 363 

compartmentalization of shallow materials, even when exact pointwise recovery is limited. 364 

It should be emphasized, however, that the thematic classes used in the synthetic experiment represent 365 

simplified density-based compartments rather than formal pedological or geological units. Therefore, the 366 

similarity between the reference and estimated classifications should be interpreted as evidence that the 367 

workflow preserved the dominant spatial organization of the modeled density contrasts, rather than as a 368 

definitive classification of shallow materials. Nevertheless, this result supports the use of the proposed 369 

approach as an exploratory tool for identifying spatial domains associated with relative density variations 370 

in near-surface investigations. 371 

 372 

4 RESULTS AND DISCUSSION 373 

4.1 Study area 374 

The real-data application was conducted in the Altamira region, located in the southwestern portion of 375 

the state of Pará, northern Brazil, within the eastern Amazon domain. The study area occupies a broad 376 

landscape influenced by the Xingu River basin and by geomorphological conditions characteristic of 377 

Amazonian lowlands and adjacent dissected terrains. Its large spatial extent and environmental 378 

heterogeneity provide a suitable setting for evaluating spatial variations in density-related properties derived 379 

from topographic and gravimetric data. The geographic location and regional extent of the analyzed domain 380 

are shown in Fig. 5. 381 

From a geomorphological perspective, the study region includes low-relief to moderately dissected 382 

surfaces shaped by fluvial processes, intense tropical weathering, and strong hydrological control on 383 

landscape evolution. These factors contribute to substantial lateral variability in the organization and 384 

physical properties of shallow materials. In this context, topographic and gravity data provide 385 

complementary information on relief and mass-related contrasts, allowing the local gravity–topography 386 

relationship to be investigated across the regional domain. 387 

Shallow materials in the Altamira region are associated with intensely weathered tropical environments 388 

and commonly exhibit deep alteration profiles and marked lateral variability controlled by relief position, 389 

drainage conditions, sedimentary cover, and weathering history. Depending on the local geomorphological 390 

and depositional setting, these materials may present contrasting texture, structure, drainage behavior, and 391 

physical consistency, all of which may influence the spatial density pattern. The region therefore provides 392 
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a relevant setting for testing the proposed empirical density-estimation workflow. Nevertheless, the present 393 

study focuses on density-related spatial contrasts, whereas any geological, environmental, or soil-related 394 

interpretation is treated as preliminary and indirect. 395 

 396 

Figure 5 Geographic location of the study area in northern Brazil. The map shows the position of Altamira 397 

and the regional extent of the domain analyzed using topographic and gravimetric data 398 

 399 

4.2 Real-data workflow 400 

The real-data application was based on gridded topographic and gravimetric datasets covering the 401 

Altamira study region. The topographic dataset represented the spatial variability of surface elevation, 402 

whereas the gravimetric input consisted of the Bouguer gravity field. These two variables constitute the 403 

fundamental inputs of the empirical density-estimation workflow because the local Parasnis approach uses 404 

their covariance structure within moving spatial windows. 405 

Before density estimation, the topographic and gravimetric datasets were organized on a common 406 

regular grid to ensure pointwise spatial correspondence between elevation and gravity values. This 407 

preprocessing step was required because each local regression window must contain paired observations 408 

referenced to the same spatial nodes. After grid consistency was verified, the local Parasnis method was 409 

applied node by node across the study area using square moving windows, producing an empirical density 410 

estimate and an associated local correlation value for each valid grid position. 411 

Figure 6 presents the two input fields used in the real-data application. The topographic map shows the 412 

regional distribution of surface elevation, whereas the Bouguer gravity map represents the gravimetric field 413 

from which empirical density information was extracted through its local relationship with topography. 414 
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(a) (b) 

Figure 6: Input datasets used in the real-data application: a topographic field of the study area; and b Bouguer 415 

gravity field used as the gravimetric input for local empirical density estimation 416 

 417 

As in the synthetic analysis, the local Parasnis formulation was adopted because it allows density to be 418 

estimated from the spatially variable relationship between gravity and topography rather than from a single 419 

representative value for the entire area. This characteristic is particularly relevant in heterogeneous shallow 420 

environments, where lateral variations are expected and a global density estimate may not adequately 421 

represent the spatial complexity of the subsurface. The initial density field obtained from the local 422 

regressions was therefore evaluated according to physical plausibility criteria. 423 

In real-data applications, local statistical estimates may occasionally produce density values that are 424 

incompatible with realistic near-surface materials, particularly in areas where the gravity–topography 425 

relationship is weak, noisy, or influenced by geological effects not represented explicitly in the simplified 426 

regression model. For this reason, physically based screening and constraint procedures were applied to the 427 

estimated field to remove or limit implausible values and retain density ranges considered suitable for 428 

interpretation. This procedure converted the direct output of the local regression into a more physically 429 

consistent spatial product. 430 

In addition to the empirical density field, the workflow produced a local correlation map that was used 431 

as an auxiliary indicator of the stability of the gravity–topography relationship across the study area. 432 

Because no independent reference density map was available for direct validation, the joint interpretation 433 
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of density and local correlation was essential for assessing the internal consistency of the results. The final 434 

outputs of the real-data workflow therefore consisted of the physically constrained empirical density field 435 

and the corresponding local correlation map, which form the basis of the spatial analysis presented in the 436 

following section. 437 

 438 

4.3 Spatial density patterns derived from the Parasnis approach 439 

The application of the local Parasnis method to the real dataset produced a spatially distributed 440 

empirical density field and a corresponding local correlation map, which constitute the main interpretative 441 

products of the study. Unlike the synthetic experiment, no reference density model was available for direct 442 

pointwise comparison. Therefore, the real-data results were evaluated in terms of the spatial coherence of 443 

the estimated field, the physical plausibility of the recovered values, and the consistency between the density 444 

distribution and the associated local correlation pattern. 445 

The initial density estimates obtained from the local regressions revealed spatial structure but also 446 

included values that were incompatible with realistic near-surface materials. Such behavior may occur in 447 

real applications because the local gravity–topography relationship can be affected by noise, lateral 448 

heterogeneity, regional geological contributions, and reduced statistical stability within some moving 449 

windows. Consequently, the raw density output was not interpreted directly. Instead, physical plausibility 450 

constraints were applied to suppress unrealistic values while preserving the most consistent components of 451 

the spatial pattern. 452 

After applying these constraints, the final empirical density field exhibited a coherent regional 453 

organization composed of laterally variable domains that indicate spatial differences in the physical 454 

characteristics of the shallow subsurface. Figure 7 presents the constrained density field together with the 455 

local correlation map obtained from the same moving-window analysis. The density map highlights the 456 

spatial compartmentalization of the study area in terms of relative density contrasts, whereas the correlation 457 

map indicates where the local gravity–topography relationship is more stable and the corresponding density 458 

estimates are statistically more consistent. 459 



18 
 

  

(a) (b) 

Figure 7: Main outputs of the real-data application: a spatially distributed empirical density field estimated 460 

using the local Parasnis method after the application of physical plausibility constraints; and b local 461 

correlation map associated with the gravity–topography relationship within each moving window, used as 462 

an auxiliary indicator of the statistical consistency of the density estimates 463 

 464 

To complement the map-based interpretation, the real-data results were examined using a statistical 465 

summary of the constrained density field and a density scan derived from the gravity–topography 466 

relationship. These complementary analyses provide two additional perspectives on the solution: the 467 

histogram describes the overall distribution and dominant intervals of the estimated density values, whereas 468 

the density scan shows how the absolute correlation varies across the range of tested densities. 469 

Figure 8 presents these complementary products. The histogram summarizes the distribution of the 470 

empirical density values retained after the application of physical plausibility constraints, allowing the 471 

dominant density intervals and the overall spread of the solution to be evaluated. The density scan displays 472 

the variation in absolute gravity–topography correlation as a function of the tested density and identifies the 473 

representative value associated with the minimum residual correlation. Together, these products support the 474 

statistical interpretation of the spatial density field obtained from the moving-window analysis. 475 
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(a) (b) 

Figure 8: Complementary statistical products of the real-data application: a histogram of the final empirical 476 

density values retained after the application of physical plausibility constraints, showing the dominant 477 

density intervals and the overall distribution of the solution; and b density scan showing the absolute 478 

gravity–topography correlation obtained for the tested density values, with the representative density 479 

identified by the minimum residual correlation. 480 

 481 

The local correlation map remains particularly important for interpreting the real-data results because 482 

it provides an auxiliary measure of the consistency of the gravity–topography relationship within each 483 

moving window. Areas with higher correlation magnitude indicate a stronger local linear association 484 

between topography and the Bouguer gravity field, whereas lower-correlation areas suggest that the local 485 

regression is more strongly influenced by noise, weak topographic control, or additional geological 486 

contributions. The empirical density map should therefore be interpreted jointly with the local correlation 487 

field rather than as an isolated spatial product. 488 

From a spatial perspective, the estimated density field exhibits organized domains with relatively 489 

distinct density levels rather than an irregular distribution of isolated values. This regional 490 

compartmentalization indicates that the local Parasnis analysis is sensitive to spatial variations in the 491 

gravity–topography relationship and can delineate relative mass-related contrasts across the study area. The 492 

recovered pattern is consistent with the expected heterogeneity of the Altamira region, where relief, 493 

drainage, weathering, sedimentary organization, and regional geological structure may contribute to lateral 494 

variations in the physical properties of shallow materials. The empirical density field therefore provides a 495 

first-order representation of spatial heterogeneity derived from the local relationship between topography 496 

and the Bouguer gravity field. 497 

Nevertheless, the results must be interpreted with appropriate caution. The estimated field is empirical 498 

and depends on the simplifying assumption that a relevant component of the local gravity variation is related 499 

to topographic mass effects within the selected moving window. Regional and deeper geological sources, 500 
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data resolution, noise, and variations in the stability of the local regression may also influence the recovered 501 

values. Consequently, the estimates should not be regarded as direct measurements of soil or rock density, 502 

but as spatially distributed indicators of relative mass-related contrasts. Within these limitations, the 503 

combination of physical plausibility constraints, spatial compartmentalization, and correlation-supported 504 

interpretation indicates that the local Parasnis approach provides a useful exploratory framework for density 505 

mapping in heterogeneous environments. 506 

 507 

4.4 Interpretative implications for thematic soil mapping 508 

Although the primary objective of this study is the empirical estimation of near-surface density, the 509 

spatial organization of the final density field also provides a basis for preliminary compartmentalization of 510 

shallow materials. A laterally coherent density field can be used to delineate domains with contrasting 511 

physical behavior and thereby support broader geological, environmental, and pedological interpretations. 512 

Density alone, however, is insufficient to define formal soil or geological classes. The mapped 513 

compartments should therefore be regarded as first-order spatial domains characterized by relative 514 

differences in empirical density. 515 

In the Altamira application, the estimated density field revealed organized spatial domains that may 516 

reflect variations in compactness, porosity tendency, degree of weathering, sedimentary arrangement, 517 

drainage influence, and other near-surface controls. From this perspective, the map provides a thematic 518 

representation of relative physical contrasts across the study area rather than a direct classification of specific 519 

materials. Such a product may be particularly useful in regional exploratory investigations, where direct 520 

observations are spatially limited and geophysical information can help identify priority areas for 521 

subsequent field surveys and more detailed local analyses. 522 

Figure 9 presents the preliminary density-based spatial zoning derived from the empirical density 523 

field estimated for the Altamira region. The mapped classes convert the continuous density solution into 524 

discrete interpretative compartments, facilitating visualization of the principal regional contrasts. The class 525 

names shown in the figure should be understood as qualitative descriptors associated with empirical density 526 

intervals and not as direct identifications of soil texture, composition, or compaction state. Accordingly, the 527 

map represents an exploratory geophysical product intended to support subsequent interpretation and field 528 

verification. 529 
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 530 

Figure 9: Preliminary density-based spatial zoning derived from the empirical density field estimated for 531 

the Altamira region. The mapped compartments represent relative domains of shallow physical contrast. 532 

The class names are qualitative interpretative descriptors associated with empirical density intervals and 533 

should not be regarded as formal pedological or geological classifications 534 

 535 

This interpretative perspective is supported by the synthetic analysis presented earlier in the 536 

manuscript. In the controlled experiment, the moving-window workflow recovered the dominant density-537 

based compartments of the reference model, even though the pointwise correspondence between prescribed 538 

and estimated values was not exact. This result indicates that the method can preserve large-scale spatial 539 

organization despite local estimation errors. In the real-data application, where no independent reference 540 
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density field is available, the synthetic results provide methodological support for interpreting the recovered 541 

compartments as spatially informative patterns rather than as arbitrary products of the regression procedure. 542 

Density-based interpretation is also relevant because density is physically related to several properties 543 

of shallow materials. In qualitative terms, lower-density domains may be associated with greater porosity, 544 

reduced compactness, higher weathering intensity, or increased organic content, whereas higher-density 545 

domains may indicate more compact, less porous, or mechanically more resistant materials. These 546 

relationships are not unique, however, because density is controlled by multiple factors, including lithology, 547 

mineral composition, moisture content, pore structure, and depth. Consequently, the mapped classes cannot 548 

be used independently to determine soil type, texture, or hydrological behavior and should ideally be 549 

evaluated together with geological, pedological, geotechnical, or field observations. 550 

Within this framework, the real-data application suggests that the proposed gravity–topography 551 

workflow can support not only empirical density estimation but also preliminary spatial zoning of materials 552 

characterized by contrasting mass-related properties. This capability may be particularly relevant in tropical 553 

regions such as Altamira, where intense weathering, variable drainage conditions, and heterogeneous 554 

geological and geomorphological organization contribute to substantial lateral changes in shallow physical 555 

properties. Without implying formal soil or geological classification, the final map provides an exploratory 556 

representation of the regional spatial organization and may assist in identifying areas for subsequent field 557 

investigation and independent validation. 558 

 559 

5 Conclusions 560 

This study investigated the empirical estimation of near-surface density from gravity–topography 561 

relationships using the classical Nettleton and Parasnis methods, with particular emphasis on extending the 562 

Parasnis formulation from representative profile-based estimates to spatially distributed moving-window 563 

analysis. The global formulations remain useful for determining a single representative density over a profile 564 

or observation set, but they are inherently limited when the objective is to characterize lateral variability in 565 

heterogeneous environments. In contrast, the moving-window Parasnis approach provided a 566 

computationally simple framework for estimating an empirical density field over gridded datasets. 567 

The synthetic experiment showed that the proposed workflow preserved the dominant spatial 568 

organization of the prescribed density model, although the pointwise correspondence between the reference 569 

and estimated values was not exact. This distinction is important because the principal contribution of the 570 

method lies in identifying coherent density-related spatial domains rather than reproducing every local 571 

density value precisely. The synthetic analysis also demonstrated that the main thematic compartments of 572 

the reference model could be recovered despite local estimation errors, supporting the use of the approach 573 

for exploratory spatial compartmentalization. 574 
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In the Altamira application, the method produced a laterally organized empirical density field 575 

consistent with the expected physical heterogeneity of a tropical weathered environment. Because no 576 

independent density dataset was available for direct validation, the real-data results were interpreted based 577 

on the spatial coherence of the estimated field, the auxiliary information provided by the local correlation 578 

map, and the application of physical plausibility constraints to suppress unrealistic values. Under these 579 

conditions, the final density field provided a first-order representation of relative mass-related contrasts 580 

across the regional study area. 581 

Although the study did not aim to establish a formal soil or geological classification, the spatial 582 

organization of the empirical density field also showed potential for supporting preliminary density-based 583 

zoning of shallow materials. This result suggests that gravity–topography analysis may provide useful 584 

spatial information not only for gravimetric interpretation but also for broader environmental and near-585 

surface investigations, particularly in regions where direct observations are sparse. The resulting 586 

compartments should nevertheless be regarded as exploratory geophysical domains requiring independent 587 

field verification before any specific material interpretation is assigned. 588 

The limitations of the approach must also be acknowledged. The estimated density field is empirical, 589 

depends on the selected moving-window scale, and reflects a simplified representation of the local 590 

relationship between gravity and topography. Regional and deeper geological contributions, data resolution, 591 

noise, and variations in local regression stability may influence the recovered values. Consequently, the 592 

estimates should not be interpreted as direct measurements of soil or rock density, but as spatial indicators 593 

of relative mass-related contrasts. Future studies should integrate the proposed workflow with field-density 594 

measurements, geological and pedological observations, geotechnical information, or complementary 595 

geophysical datasets to evaluate the physical meaning of the mapped domains and improve the robustness 596 

of regional interpretations. 597 
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