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Abstract: The North Konawe region in Indonesia, known for its lateritic nickel (Ni) deposits, holds
significant potential for obtaining Ni resources. However, the complex topographic conditions of this
area pose challenges. Exploring the application of remote sensing technology to reveal the spectral
response mechanism of Ni grade from high-precision multispectral data and inversion of Ni grade
represents a novel direction in future Ni resource exploration. Traditional remote sensing inversion
methods solely consider the spectral characteristics of sample data and ignore vital geospatial location
information. As a result, efficiently obtaining regional details of target substance content over large
areas has become challenging. The introduction of the geographically weighted regression (GWR)
method offers an opportunity for fine-grained Ni grade inversion based on remote sensing. This study
focused on the E and K blocks within the lateritic Ni mining area in North Konawe. Through utilizing
the WordView-3 multispectral data which exhibits immense potential in quantitative remote sensing
inversion studies, GWR was employed to integrate spectral features and spatial information. The goal
was to reveal the correlation between multispectral remote sensing data and Ni grade. The obtained
results were then compared and analyzed with multiple linear regression (MLR) and back propagation
neural network (BPNN) models. The findings revealed that GWR achieved the highest coefficient of
determination R2 of 0.96, surpassing MLR and BPNN values of 0.05 and 0.17, respectively. Additionally,
GWR exhibited the lowest root mean square error of 0.04, which was lower than those of MLR and
BPNN with the values of 0.25 and 0.23, respectively. These results confirmed the enhanced stability and
accuracy of the GWR method compared to MLR and BPNN. Furthermore, GWR effectively mapped
the spatial distribution trends of Ni grades in the study area, providing evidence of the method’s
effectiveness in Ni grade inversion. The study also delved into the inversion effect of the GWR method
in areas with varying weathering crust thickness and vegetation cover. The research revealed that higher
values of weathering crust thickness negatively impacted the inversion effect. However, the influence
mechanism of vegetation cover on Ni grade inversion necessitated further investigation. These results
served as a significant demonstration of the remote sensing inversion of mineral resource grades in
similar areas. They provided valuable insights for future exploration and decision-making processes.

Keywords: WordView-3 data; Nickel (Ni) grade; geographic weighted regression (GWR); multiple
linear regression (MLR); back propagation neural network (BPNN); North Konawe; Indonesia
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1. Introduction

Nickel (Ni) metal possesses corrosion resistance and oxidation resistance, rendering it
widely used in high-tech fields such as new energy, chip manufacturing, and aerospace.
Furthermore, it is classified as a crucial national strategic mineral resource [1–4]. Among
them, laterite Ni ore serves as the focal point for global Ni resource mining [5–8]. North
Konawe, Indonesia, stands out due to its substantial quantity and extensive distribution of
Ni resources in the laterite Ni mining area, making it a significant and promising target
for Ni resource exploration. The Ni grade represents a direct indicator of lateritic Ni
mineralization enrichment and serves as crucial information for exploration purposes.
However, the mechanism of its spectral response on high-precision multispectral data is not
clear. Furthermore, the North Konawe lateritic Ni area in Indonesia presents considerable
challenges in conducting traditional ground surveys to determine the Ni grade. This
region is characterized by a hot and humid tropical rainforest environment, coupled
with complex topographic conditions. Undertaking ground surveys to assess Ni grade
under these circumstances poses significant difficulties in terms of both feasibility and
cost-effectiveness [9–12].

Remote sensing technology represents a promising approach for obtaining Ni grade
information by effectively detecting spectral differences among various minerals and en-
abling rapid, large-scale sampling within a short timeframe. This technology serves as
a valuable complement to traditional ground survey methods, offering a new direction
in Ni grade assessment [13–16]. Current studies on the spectra of lateritic nickel ores are
mainly based on traditional ground sampling followed by spectral scanning, focusing on
the mapping of alteration minerals that are indirectly mineralizing, such as chlorite and
serpentinization [17–20]. However, there are fewer studies on remote sensing inversion
of mineral elements that are directly indicative of ore, in which most of the studies in
this area use global regression methods such as partial least squares [3,21–24]. One of the
shortcomings of the global regression method is that it ignores the spatial heterogeneity
of the study object. Currently, remote sensing technology has been extensively studied in
mineralization prediction as well as the quantitative inversion of soil heavy metals and
organic matter [25–30]. The commonly used remote sensing data sources include Oper-
ational Land Imager (OLI/Landsat) [31], Advanced Spaceborne Thermal Emission and
Reflection Radiometer (ASTER) multispectral data [32], and ground-based hyperspectral
data [33]. However, Landsat multispectral data have limited spatial resolution. To some
extent, ground-based hyperspectral data are limited by inversion coverage when collect-
ing samples. In contrast, WordView-3 multispectral imagery emerges as an advanced
high-resolution optical satellite, boasting fast data processing and exceptional resolution of
up to 0.31 m. Consequently, it holds immense potential for quantitative remote sensing
applications [34–37]. It provides a possibility to dissect the spectral response mechanism
of Ni grade on high-precision multispectral remote sensing data. Regarding remote sens-
ing inversion methods, the commonly employed approaches, such as stepwise multiple
linear regression [38–40], principal component analysis [41–43], partial least squares re-
gression [44–46], artificial neural network [42,47], support vector machine [47–49], and
random forest [43,50,51], mainly focus on the spectral characteristics of sample data while
disregarding geospatial location information. This limitation hinders the efficient ex-
traction of regional details regarding the target substance content across large areas. In
contrast, the geographically weighted regression (GWR) method incorporates spatial loca-
tion information and quantitatively characterizes the heterogeneity of spatial relationships
through location-dependent parameters. This advantage can overcome the shortcom-
ings of the aforementioned methods, revealing actual relationships among geographic
elements [52–56]. Although GWR finds significant applications in ecology [54,57–59], en-
vironmental science [58,60–63], and agriculture [64–66], its utilization in remote sensing
inversion of mineral resource grades remains largely unexplored.

Taking into account the aforementioned considerations, this study focused on the
analysis of the spectral response relationship between WorldView-3 remote sensing data
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and lateritic Ni grade. The study area chosen for this investigation encompasses Block
E and K sections within the North Konawe Ni mining area in Indonesia. Three distinct
methods, namely multiple linear regression (MLR), back propagation neural network
(BPNN) model, and GWR, were employed to conduct the inversion of Ni grade in lateritic
Ni ores. Among them, GWR takes into account the spatial heterogeneity of the nickel grade
data, and the method combines the spectral features and spatial location information of the
sample points to make up for the lack of global regression, which reflects the novelty of
the study. Additionally, the effectiveness of the GWR method in Ni grade inversion was
thoroughly examined. The primary objective of this research was to establish a refined
method for remote sensing Ni grade inversion, supporting mineral search and exploration
endeavors. Such insights will provide valuable insights for the application of remote
sensing technology in similar regions by facilitating the inversion of mineral resource
grades through remote sensing techniques, especially lateritic nickel areas.

2. Materials and Methods
2.1. Study Area

The study area encompasses Block E and K of the North Konawe Laterite Ni Zone, sit-
uated in Langgikima, North Konawe Regency, Sulawesi Province, Indonesia. It is geograph-
ically located between 122◦12′41.809′′E–122◦16′47.556′′E and 3◦12′8.249′′S–3◦15′27.278′′S,
covering a total area of approximately 17.91 km2 (Figure 1). This region experiences a
tropical rainforest climate characterized by ample precipitation, high temperatures, and
humidity. The landscape predominantly consists of hills and mountains near the coastal
areas. The general topographic slope ranges from 10◦ and 25◦, with certain localized
sections exceeding 45◦.
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Within the study area exists extensive exposure of basal and ultramafic rocks at
the surface. And a significant presence of brownish-red Ni-iron clay can be observed,
accompanied by vast expanses of exposed ultramafic rocks such as peridotite and gabbro
surrounding the ore body. However, the presence of lateritic weathering crust and forest
cover constrains the visibility of tectonic traces within the mining area, thereby resulting in
scarce overall tectonic information, such as faults, etc. (Figure 2). In summary, these natural
geographic conditions and geological characteristics have served as a favorable foundation
for the formation, enrichment, and preservation of lateritic Ni deposits.
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2.2. Data
2.2.1. WordView-3 Remote Sensing Data

The WorldView-3 satellite, launched on 13 August 2014, represents the highest com-
mercial optical satellites in terms of spatial resolution. It offers unrivaled capabilities for
long-range mineral mapping and identification that are unmatched by any other multispec-
tral satellite system available. This advanced satellite platform comprises one panchromatic
band, eight visible-near-infrared (VNIR; 0.42–1.04 µm) multispectral bands, and eight short-
wave infrared (SWIR; 1.2–2.33 µm) bands [67]. Although most studies in remote sensing
geology rely on ASTER and ETM+ data, the eight SWIR bands of the WorldView-3 satellite
demonstrate tremendous potential surpassing that of ASTER and ETM+ data. Hence, for
this study, WorldView-3 data covering the study area were acquired from Earth Online.
The dataset represents a single view acquired on November 1, 2019, exhibiting minimal
cloud coverage to fulfill the requirements of the study.

2.2.2. Ni Grade Data

A comprehensive dataset consisting of 18,882 Ni grade samples was collected from
the study area. The current ‘Chinese Code of Practice for Geological Exploration of Copper,
Lead, Zinc, Silver, Ni, and Molybdenum Ores (DZ/T0214-2002)’ outlines the general
industrial criteria for lateritic Ni ores. According to the code, the minimum industrial grade
for Ni is set at 1.0%, while the Ni cut-off grade is 0.5%. Therefore, this study focused on Ni
analysis, commencing from the cut-off grade as the baseline.

The highest, lowest, and average Ni grades within the study area were 2.40%, 0.55%,
and 1.26%, respectively. The majority of Ni grades surpassed the industrial threshold of
1%, with distribution concentrated between 1.0% and 1.8%. Notably, the data exhibited
spikes within the range of 1.2% to 1.3% (Figure 3). To ensure comprehensive analysis,
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the 18,882 sampling points, uniformly distributed across the study area, were randomly
divided into two groups at an 8:2 ratio. Subsequently, 15,106 sampling points were al-
located as the training group, while the remaining 3776 sampling points served as the
validation group.
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Figure 3. (a) Distribution of Ni grade sampling points; (b) Ni grade contours; (c) histogram of
measured Ni grade data.

2.3. Data Processing
2.3.1. Remote Sensing Data Preprocessing

By conducting radiation calibration, a quantitative relationship can be established
between the digital quantization values of the image and their corresponding radiation
brightness values in the field of view. This calibration process effectively mitigated radiation
errors originating from the sensor itself. Even following radiometric calibration, the image
data were still affected by atmospheric factors, necessitating atmospheric correction. The
fast line-of-sight atmospheric analysis of spectral hypercubes (FLASSH) algorithm was
applied to the VNIR and SWIR bands of WorldView-3 with the Tropical atmospheric
model and the Rural aerosol model. And then, the VNIR and SWIR bands of WorldView-3
data were used for layer stacking. The SWIR bands with a spatial resolution of 3.7 m
were resampled to match the VNIR bands with a resolution of 1.24 m through the cubic
convolution method.
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2.3.2. Band Preferred

By examining the relationship between the band information of WorldView-3 data and
the actual measured values of Ni grade in the study area, the band with higher correlation
coefficient was identified for constructing the Ni grade inversion method. To mitigate the
impact of magnitude differences on the results, the band information of WorldView-3 data
was Z-Standardized prior to the calculation of the Spearman correlation coefficient with
the Ni grade data (Figure 4). Given a sample size of n, n many raw data x and y were
transformed into grade data, and the Spearman correlation coefficient (ρ) was calculated
using Equation (1):

ρ =
∑i(xi − x)(yi − y)√

∑i(xi − x)2 ∑i(yi − y)2
(1)
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Utilizing the outcomes of the correlation analysis, the bands exhibiting high Spearman
correlation coefficients and significant correlations at the 0.01 level were initially identified.
Subsequently, the mean of correlation coefficients between the selected bands and the
remaining bands were separately computed. Bands displaying high average correlation
coefficients were subsequently excluded, while those with noteworthy correlations were
retained for the development of the Ni grade inversion method.

The variance inflation factor (VIF) can be a useful metric for assessing the presence of
multicollinearity among variables. A higher VIF value can indicate a stronger covariance
between variables, which can be detrimental to the model-building process. Following the
principle that the VIF value should be below 10 [68,69], the final selection of explanatory
variables for this study comprised Band 1, Band 5, and Band 10 (Table 1).
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Table 1. Results of VIF between band 1, band 5, band 10, and band 15 for WorldView-3 data.

Band 1 Band 5 Band 10 Band 15

1 1.015
2 1.998 1.992
3 2.656 9.411 5.945
4 2.656 10.033 24.670 26.421

2.3.3. Spatial Autocorrelation Analysis of Ni Grades

Moran’s I is a statistical measure that evaluates the presence and intensity of spatial
correlation among variables at various locations. A positive Moran’s I value (>0) indicates
the presence of positive spatial correlation, with higher values indicating a stronger spatial
correlation and a tendency for study unit observations to cluster together. Conversely, a
negative Moran’s I value (<0) indicates negative spatial correlation, with smaller values
indicating greater spatial variability and a tendency for study unit observations to be
dispersed. When Moran’s I value equals zero (Moran’s I = 0), it suggests the absence of
spatial autocorrelation, with study unit observations randomly distributed across space.

The computation of the Moran’s index (Equation (2)) was a prerequisite for the geo-
graphically weighted regression. The outcomes of the Moran’s index calculation (Table 2)
revealed a positive spatial correlation among the Ni grades within the studied area. Fur-
thermore, considering the z-score, the spatial autocorrelation of Ni grades in the study area
can be regarded as statistically significant.

I =
n ∑n

i=1 ∑n
j=1 Wij

(
Xi − X

)(
Xj − X

)
(∑n

i=1 ∑n
j=1 Wij)∑n

i=1
(
Xi − X

)2 (2)

where Wij denotes the spatial weight matrix; Xi and Xj represent the observations of i and
j, respectively; and n denotes the number of spatial cells.

Table 2. Results of spatial autocorrelation analysis of Ni grade data.

Parameters Moran’s I z-Score p-Value

Results 0.98 189.48 0.00

Based on the relevant criteria for GWR, it is evident that the analyzed objects exhibited
substantial spatial autocorrelation and significant spatial heterogeneity. Hence, the applica-
tion of the GWR model was deemed appropriate for the inversion study of Ni grades using
World View-3 data (Table 2).

2.4. Inversion Methods

In this study, the inversion of Ni grades for the North Konawe laterite Ni ore in
Indonesia was performed through the applications of MLR, BPNN, and GWR techniques.
The preferred WorldView-3 data bands, namely Band 1, Band 5, and Band 10, were utilized
as input variables for the inversion analysis.

2.4.1. MLR

The MLR emerges as a statistical technique applied for the establishment of regression
equations that quantitatively explain the linear relationship between dependent and inde-
pendent variables. Its fundamental concept can be adopted for seeking the most suitable
mathematical expression that accurately represents the relationship between these vari-
ables [70]. Linear regression models consist of global and local models, where the global
model assumes that the regression coefficients remain constant across all spatial locations
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within the study area, ensuring global consistency [71]. Among these models, MLR models
have been widely employed as the conventional global models.

Y = b0 + b1X1 + b2X2 + · · ·+ biXi + e (3)

where Y represents the dependent variable; X1, X2, . . . , Xi denote the independent variable;
b0 denotes the constant term; b1, b2, . . . , bi denote the regression coefficient; and e represents
the random error term.

In this study, the dependent variable Y represented the Ni grade, and the independent
variables X1, X2, and X3 can be regarded as the Band 1, Band 5, and Band 10 values of
WorldView-3 data, respectively. The regression coefficients of the bands were solved by the
least-squares method.

2.4.2. BPNN

The BPNN model is a widely adopted artificial neural network model, particularly
in domains such as prediction and classification evaluations [72–74]. It consists of an
input layer, a hidden layer, and an output layer. The underlying principle involves itera-
tively adjusting the network’s connection weights and thresholds during the mathematical
transformation of the hidden layer. This adjustment can be achieved through the forward
propagation of the input signal and the backward propagation of the output error, aiming
to minimize the squared error between the actual output value and the desired output
value [75–77].

y = f
(
∑ ωx + b

)
(4)

where x denotes the input data; y denotes the output data;ω and b represent the weight matrix
and bias vector of the adjacent layers, respectively; and f represents the activation function.

In this study, the input dataset consisted of the Band 1, Band 5, and Band 10 values
extracted from WorldView-3 data, while the output dataset comprised the Ni grade. The
BPNN employed in this study included three hidden layers, each comprising 30 neurons.
The maximum number of iterations was set to 100, with a learning rate of 0.1. The desired
network performance was defined as 0.00, and the Sigmoid function served as the chosen
activation function. The implementation of the BPNN algorithm was conducted through
Matlab programming language.

2.4.3. GWR

GWR incorporates the spatial location information of the data into the regression
coefficients of the model, enabling the coefficients of the same variable to vary based on
spatial location. This allows for the quantitative representation of the spatially hetero-
geneous characteristics inherent in the data. The fundamental expression of the GWR
model is presented in Equation (5), which can capture the essence of this spatially adaptive
regression approach.

yi = β0(ui, vi) +
p

∑
k=1

βk(ui, vi)xik + εi i = 1, 2, . . . , n (5)

where yi denotes the dependent variable; (ui, vi) denote the spatial location of the i-th
sample point; β0(ui, vi) denote the intercept; βk(ui, vi) denote the k-th regression coefficient
of the i-th sample point; xik represents the k-th independent variable of the i-th sample
point; εi represents the random error term; and yi represents the Ni grade of the i-th sample
point in this study.

GWR can be described as a localized form of the least squares method [78,79], where
the regression coefficients are adaptively determined based on the proximity of data points
within a given spatial neighborhood. To characterize the decay of weights as the distance
between data points increases, a spatial weight function can be employed [80]. Popular
selections for spatial weight functions include the Gauss function, exponential function,
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and Bi-square function [81]. In this study, the Gauss function (Equation (6)) was employed
to capture the spatial weighting scheme, enabling the analysis of localized relationships
between variables.

wij = exp
(
−
(
dij/b

)2
)

(6)

where b denotes the bandwidth; dij denotes the distance between the sample points and
the regression points; and wij denotes the weight of the sample points.

In this study, the GWR method incorporated Band 1, Band 5, and Band 10 values
from WorldView-3 data as independent variables, while Ni grade served as the dependent
variable. To capture the spatially varying relationships, a Gaussian kernel function was
adopted as the locally weighted function, allowing for adaptive weighting of neighboring
data points. The optimal bandwidth for the Gaussian kernel function was determined
using the cross-validation method, ensuring robust and reliable parameter estimation.

2.4.4. Precision Evaluation Indicators

The determination coefficient −(R2) (Equation (7)), the residual sum of squares (RSS)
(Equation (8)), the root mean square error (RMSE) (Equation (9)), and the residual ε
(Equation (10)) were statistical metrics employed to quantitatively evaluate the accuracy
and stability of the inversion results [82]. These metrics can provide valuable insights
into the goodness-of-fit, variability, and predictive performance of the Ni grade inversion
model.

(1) R2

R2 = 1− ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − yi)

2 (7)

R2 measured the proportion of the total variation in the dependent variable explained
by the model, with a value closer to 1 indicating better model stability.

(2) RSS

RSS =
n

∑
i=1

(yi − ŷi)
2 (8)

The RSS was applied as a measure of the difference between the sample data and the
model predictions, where a smaller RSS indicated a better fit of the model.

(3) RMSE

RMS =

√
1
n ∑n

i=1(yi − ŷi)
2 (9)

(4) Residual-ε
ε = yi − ŷi (10)

where n denotes the number of sampling points; yi denotes the measured Ni grade at the
sampling points; ŷi denotes the predicted Ni grade at the sampling points; and yi represents
the mean value of the measured Ni grade at the sampling points. In addition, the predicted
and measured values were linearly fitted to verify the accuracy of the three methods in the
Ni grade inversion study (Figure 5).
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Figure 5. Flowchart of the study.

3. Results
3.1. Spatial Distribution of Ni Grades and Accuracy Evaluation

When comparing with the spatial distribution of the measured Ni grade data, it is
observed that the regional variation of the Ni grade inversion values through MLR and
BPNN was relatively uniform within the east ore body of block E and K. The differentiation
of the inversion values at varying locations was not significantly evident. However, within
the west ore body of block K, there was a distinct abrupt transition from high inversion
values to low inversion values, indicating a notable variation. Notably, the inversion effect
was more favorable in the exposed area, where the accuracy and reliability of the inversion
results were comparatively higher.

The Ni grade prediction results based on GWR exhibited a remarkable agreement with
the measured data in terms of the overall trend distribution, as well as the distribution of
enrichment centers. However, certain minor discrepancies were observed in the periphery
of local enrichment centers when compared to the measured data, indicating a slight
diffusion effect (Figure 6).
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The three aforementioned methods demonstrated varying levels of performance in
the inversion of Ni grades. MLR and BPNN exhibited poor performance, yielding R2

values of 0.05 and 0.17, respectively, as well as RMSE values of 0.25 and 0.23. In contrast,
GWR, leveraging the spatial location information of the sample data, indicated the greatest
advantages in Ni grade inversion, achieving the highest R2 value of 0.96 and the lowest
RMSE value of 0.039. Additionally, the RSS of GWR was significantly smaller than that of
MLR and BPNN (Table 3).

Table 3. Comparison of MLR, BPNN, GWR for analysis of WorldView-3 data and Ni grade measurement.

Accuracy Parameters R2 RSS RMSE

MLR 0.05 941.80 0.25
BPNN 0.17 811.66 0.23
GWR 0.96 47.22 0.05

To summarize, MLR demonstrated the lowest inversion accuracy, followed by BPNN,
while GWR exhibited the highest accuracy, with an R2 value exceeding 0.95 and an RSS of
only 47.22. The inclusion of Band 1, Band 5, and Band 10 from World View-3 data enabled
the explanation of over 95% of the variation in Ni grades.
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3.2. Comparison of Inversion Accuracy
3.2.1. Measured Value-Inversion Value Fitting

The inversion values obtained from MLR, BPNN, and GWR were subjected to linear
fitting to the measured values (Figure 7). In Figure 7, the black line represents the fitted
straight line connecting the measured and inverse values, while the orange line represents
the function y=x with a slope of 1. The proximity of the sample points to the fitted straight
line, as well as the angle between the fitted straight line and the line y = x, serve as the
metrics of the regression accuracy of the method. The closer the sample points align with
the fitted straight line and the smaller the angle between the fitted line and the line y = x,
the higher the regression accuracy of the method is.
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The angle between the fitted straight line connecting the inverse and measured values
and the line y = x was large for both multiple linear regression and BPNN, suggesting that
these two methods exhibited poor performance in the process of Ni grade inversion and
lacked accuracy.

The fitted straight line representing the relationship between the inverse and measured
Ni grades obtained through the GWR method exhibited slopes and R2 values of 0.902 and
0.965, respectively. Remarkably, the fitted straight line of GWR closely aligned with the y = x
line, indicating that GWR significantly enhanced the accuracy of the fitted results. Therefore,
GWR was highly appropriate for establishing the regression relationship between Ni grades
and WordView-3 data, specifically Band 1, Band 5, and Band 10.

3.2.2. Residual Statistics

The residuals of MLR and BPNN exhibited a distribution range from −0.8 to 1.2, with
a concentration between −0.4 and 0.4. Conversely, the residuals of GWR were concentrated
within the narrow range of −0.1 to 0.1, with only a few sample points displaying absolute
residuals exceeding 0.2. As depicted in Figure 8, GWR performed better than MLR and
BPNN in terms of accuracy, as it successfully inverted the Ni grade within the study area
while maintaining residuals within the permissible error range. The superior accuracy of
GWR was evident when compared to the other two methods, MLR and BPNN.
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Figure 8. Residual statistics of three inversion methods: (a) MLR; (b) BPNN; (c) GWR.

3.3. Field Validation

After conducting an accuracy comparison analysis, it was determined that GWR
outperformed other methods in the inversion of Ni grade in laterite Ni ore. Consequently,
field validation work was conducted on the inversion results obtained from GWR (Figure 9).
Four validation points were selected, representing a range of Ni grades from low to high.
Field measurements yielded Ni grades of 1.69, 0.98, 1.50, and 2.01 for soil samples No. 1,
No. 2, No. 3, and No. 4, respectively. The inversion results exhibited a consistent trend
with the field-measured data (Table 4).
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Table 4. Ni grade sampling point verification results.

Sampling Points Longitude and Latitude GWR Inversion
Values

Measured
Values

1 122◦13′20.542′′E, 3◦14′59.280′′S 1.67 1.69
2 122◦15′02.855′′E, 3◦13′32.822′′S 0.87 0.98
3 122◦16′44.843′′E, 3◦12′29.534′′S 1.45 1.50
4 122◦16′20.187′′E, 3◦14′12.829′′S 1.97 2.01

4. Discussions
4.1. Spatial Distribution of GWR Inversion Values

The study area exhibited a range of measured Ni grades, with the highest value
recorded as 2.40, the lowest value as 0.55, and a mean value of 1.260. In contrast, the GWR
inversion results for Ni grade indicated a narrower range, with the highest value reaching
only 1.99, the lowest value at 0.58, and a mean value of 1.259 (Figure 10). Overall, while
GWR demonstrated an ability to accurately predict the overall spatial distribution trend of
Ni grades, it tended to slightly underestimate high Ni grade values and presented limited
performance for extreme values when compared to the measured data.
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4.2. Spatial Heterogeneity

The GWR methodology incorporated spatial location information of sampled points,
enabling the characterization of spatial relationships with varying coefficients.

The coefficient plots (Figure 11) exhibited localized shading, with the intensity of
the shades corresponding to the magnitude of the coefficient values. These coefficients
presented the degree of correlation between each explanatory variable and Ni grade [83]. By
considering the spatial proximity of the sample points, GWR derived variable coefficients at
each interpolated location using neighboring sample points. The coefficient plots reflected
an additional perspective, demonstrating that GWR was capable of capturing finer details
of the spatial distribution of Ni grades and highlighting the spatial heterogeneity present
in the Ni grade data.
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4.3. Influence Factors of Inversion
4.3.1. Degree of Weathering

The accuracy of GWR inversion can be influenced by the weathering degree of the
lateritic weathering crust. Previous studies have indicated a clear relationship between
the degree of weathering and the enrichment of Ni. Specifically, Ni enrichment gradually
increased from the laterite zone to the saprolite zone, with the highest enrichment observed
in the upper part of the saprolite zone. In this study, the quartiles of weathering crust
thickness values in the study area were calculated. The first, second, and third quartiles
were determined as 6 m, 11 m, and 18 m, respectively, while the minimum and maximum
values were 1 m and 84 m, respectively. According to this as the threshold, the local R2

values corresponding to different intervals of weathering crust thickness were computed
separately (Table 5 and Figure 12).

Table 5. Local R2 of GWR corresponding to different weathering crust thickness intervals.

Interval 1 Interval 2 Interval 3 Interval 4

Thickness of Weathering Crust (m) 1–6 6–11 11–18 18–84

Local R2 0.80 0.79 0.79 0.77
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Figure 12. (a) GWR local R2; (b) weathering crust thickness (WCT) in the study area.

From a statistical standpoint, the local R2 values of GWR exhibited a gradual decline as
the weathering crust thickness increased. The GWR method demonstrated the highest level
of fit when the weathering degree was the weakest. This observation led to a reasonable
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inference that, as the degree of weathering intensified, the Ni element reached its maximum
enrichment at deeper levels. Consequently, the spectral response weakened, resulting in a
decrease in the accuracy of GWR inversion. Therefore, the spectral response mechanism of
Ni elements was intricately linked to the degree of laterite weathering.

4.3.2. Vegetation Coverage

It was observed that the prediction accuracy varied across different areas, with vege-
tation cover being one of the contributing factors. The areas with high vegetation cover
exhibited relatively poor prediction performance. To investigate this further, four distinct
areas were selected based on the normalized difference vegetation index (NDVI) results:
two areas with low vegetation cover (A and B) and two areas with high vegetation cover (C
and D) (Figure 13). The spatial distribution trends of the GWR inversion Ni grades in these
four regions were generally consistent with the measured values. However, in regions C
and D, where there was a transition from high to low Ni grade values, the inversion results
exhibited inadequacies, with a lack of precision in capturing local variations compared to
the measured values.
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The NDVI values and corresponding local R2 values were computed for four represen-
tative areas, namely A, B, C, and D (Table 6). The average local R2 value in regions A and B
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was 0.80, which was higher than the value in regions C and D (0.76). Within the transition
interval from areas with low to high vegetation cover, the local R2 of GWR decreased from
0.82 to 0.74 as the NDVI presented an increasing trend. However, it was observed that the
trend of local R2 with NDVI within areas of high and low vegetation cover was inconsistent
with the trend observed within the transition interval.

Table 6. NDVI and local R2 for the four regions of interest.

Regions of Interest A B C D

NDVI 0.50 0.53 0.84 0.87

Local R2 0.77 0.82 0.74 0.78

Hence, a reasonable inference can be concluded that vegetation coverage exerted
a significant influence on the spectral response of Ni grade, resulting in a decrease in
inversion accuracy. However, the precise internal correlations between vegetation coverage
and the spectral response of Ni grade remained unclear, necessitating further analysis and
research to elucidate the underlying mechanisms governing the influence of vegetation
coverage on the inversion of Ni grade.

In conclusion, the spatial distribution trend of the overall Ni grade inversion resulted in
the study area, based on GWR, exhibited consistency with the measured values. However,
certain sections indicated certain limitations in accurately inversing Ni grade due to the
impact of vegetation cover and laterite weathering degree. Furthermore, the exclusion of
lithology as a variable in the GWR analysis restricted the performance. Therefore, further
exploration is required to investigate how to effectively incorporate the categorical variable
of lithology into the GWR method, aiming to unravel its intrinsic association with Ni grade.

5. Conclusions

This study revealed the remarkable capability of Band 1, Band 5, and Band 10 from
WorldView-3 remote sensing data, combined with the locally weighted regression method
GWR, that can accurately inverse the Ni grade of lateritic Ni ore. The findings unequivocally
demonstrated that GWR effectively captured the intricate local variations in Ni grades
within the study area, providing a more comprehensive and scientifically sound depiction
compared to MLR and BPNN. Notably, the inclusion of location information resulted in a
substantial enhancement in the accuracy of Ni grade inversion, with R2 increasing from
a mere 0.17 to surpass 0.9. Thus, it can be proved that a robust relationship between Ni
grade and WorldView-3 remote sensing data was observed in the North Konawe Ni ore
area, emphasizing the significant impact of geospatial location.

The investigation revealed a direct correlation between the weathering degree of
lateritic weathered crust and the spectral response of Ni elements. Specifically, as the
weathering degree increased, the depth of Ni enrichment intensified, consequently resulting
in a decline in inversion accuracy. Moreover, vegetation cover exerted a detrimental effect
on the inversion of Ni grade by restricting the value range of inversion results. Notably, the
accuracy of inversion was notably reduced in the transitional regions between high and low
values of Ni grade. However, the precise mechanism underlying this impact necessitated
further analysis and research.

The GWR method employed in this study demonstrated excellent performance in the
inversion of Ni grades in lateritic Ni ores, even in the absence of geological data and prior
information in the study area. Nevertheless, certain limitations still remained, necessitating
the collection of more comprehensive geological information in future investigations.
Moreover, it is recommended to incorporate the lithology of the study area to enhance the
accuracy of inversion results.



Remote Sens. 2023, 15, 3660 18 of 21

Author Contributions: Conceptualization, G.Z., Q.C. and Z.Z.; data curation, G.Z. and Q.C.; formal
analysis, Z.L., X.Z.; methodology, G.Z., X.Z. and J.C.; software, G.Z., Y.H. and D.Z.; resources, Z.Z.;
investigation, W.C. and H.Y.; validation, D.Z., H.Y. and J.C.; funding acquisition, Z.Z.; visualization,
Y.H. and Z.L.; writing—original draft preparation, G.Z. and Q.C.; writing—review and editing, Z.Z.,
Q.C. and D.Z. All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by “Yunnan International Joint Laboratory of China-Laos-
Bangladesh-Myanmar Natural Resources Remote Sensing Monitoring” (Grant No. 202303AP140015),
“National Natural Science Foundation of China” (Grant No. 41872251), “National Natural Science
Foundation of China” (Grant No. 42202329), “Science and Technology Plan Project of Yunnan
Province Science and Technology Department” (Grant No. 202101BA070001-145), “The 14th Graduate
Research Innovation Project” (Grant No. KC-22223390), “Yunnan Provincial Department of Education
Science Research Fund Project” (Grant No. 2023Y0196).

Data Availability Statement: The data presented in this study are available upon request from the
corresponding author.

Acknowledgments: The authors would like to thank Unit 308 of Yunnan Nonferrous Geology Bureau
for the data support and the anonymous reviewers for their valuable comments on the manuscript.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Hou, Z.; Chen, J.; Zhai, M. Current status and frontiers of research on critical mineral resources. Kexue Tongbao (Chin. Ed.) 2020,

65, 3651–3652. [CrossRef]
2. Lu, Y.; Lesher, C.M.; Deng, J. Geochemistry and genesis of magmatic Ni-Cu-(PGE) and PGE-(Cu)-(Ni) deposits in China. Ore Geol.

Rev. 2019, 107, 863–887. [CrossRef]
3. Butt, C.R.M.; Cluzel, D. Nickel Laterite Ore Deposits: Weathered Serpentinites. Elements 2013, 9, 123–128. [CrossRef]
4. Valeton, I.; Biermann, M.; Reche, R.; Rosenberg, F. Genesis of nickel laterites and bauxites in Greece during the Jurassic and

Cretaceous, and their relation to ultrabasic parent rocks. Ore Geol. Rev. 1987, 2, 359–404. [CrossRef]
5. Apostolikas, T.; Frogoudakis, E.; Bakalllbashi, J. Nickel, World Production and Demand. In Proceedings of the 3rd Balkan Mining

Congress, Book of Proceedings, İzmir, Turkey, 1–3 October 2009.
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