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ABSTRACT: A satellite equipped with a spectroscopy camera is a valuable tool for examining land pollution 

caused by mine waste across a large region. Due to the limited resolution of spectral images, merging them with high-

resolution images obtained at lower altitudes can improve local resolution without producing pseudo-data. In order to 

produce high-resolution spectrum maps from spectral data gathered from satellite and drone imagery shot at various 

altitudes, an image registration procedure was devised in this study. The establishment of this protocol will facilitate 

the development of more precise land pollution discovery techniques and aid in the integration of various altitude data, 

which has not been fully utilized up to this point altitudes. The development of novel methods for sophisticated image 

registration and the system's implementation through field research and lab testing are the two primary objectives of 

this project. We suggested a process and technique for spectral image registration in the first section. In the second 

section, spectral images captured at different elevations at the mine site were used to test the image registration using 

the suggesting method. Consequently, spectral image registration algorithms for different altitudes and high-resolution 

spectral maps were established. 

Keywords: Image registration; Remote sensing; GIS; Hyperspectral imaging; Digital Twin 
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1. Introduction 

Mining development is widely recognized for its propensity to induce a multitude of environmental issues [1], [2], [3] 

due to its substantial modification of the surrounding ecosystem. Specifically, the heavy metal minerals that are left 

unused and exposed on the ground due to mining activities undergo oxidation when they encounter air. This process 

causes them to dissolve in rainwater and groundwater, leading to pollution of the soil [4]. The utilization of remote 

sensing technology for detection purposes [5] has great potential due to its ability to cover a vast expanse of soil 

contamination locations. Given that the pollution consists of mineral-based heavy metal contamination, it may be 

suitable to employ approaches commonly utilized in the field of resource exploitation. 

It is widely recognized that each mineral possesses a unique absorption spectral band, and spectroscopy can be 

employed to distinguish several mineral species by analyzing spectral data [6], [7], [8], [9]. The analysis of data 

obtained from a spectral camera mounted on a satellite is used to assess the spatial distribution of minerals in remote 

sensing resource exploitation. The utilization of satellite spectral data has been on the rise due to recent notable 

progress in analysis technology, such as the introduction of deep learning-based methods for mineral identification, 

and the decreasing cost of satellite launches, which has made data collection more accessible. While there have been 

advancements in data processing and access, limitations in hardware prevent the examination of a wide range of data 

in the spectrum, and there is still a need for improvement in data quality. The main characteristics of spectral data are 

its spatial resolution and spectral resolution. Nevertheless, in the case of most spectrum cameras, there is a correlation 

between both values, implying that increasing one parameter would invariably result in a decrease in the other. As a 

result, achieving a significant improvement is unlikely [10]. Therefore, satellite spectral pictures necessitate enhanced 

spatial resolution. 

Over the past few years, there has been a significant rise in the acquisition of aerial spectrum data globally. This can 

be attributed to advancements in drone, aircraft, and satellite technology, as well as the decrease in their cost. 

Nevertheless, the lack of success in establishing a connection between these data can be attributed to variations in 

altitude and the diverse locations from which the data was collected. In this study, our objective was to generate high-

resolution spectrum data by overlaying spectral data groups gathered from different altitudes, such as satellites, aircraft, 

and drones, without introducing any artificial data. The uniqueness of this study is that it does not create spectra, 

therefore enabling the user to directly access the unprocessed data. Various techniques have previously been suggested 

to enhance the spatial resolution of spectral data. Our objective was to generate spectrum data with a high level of 

detail without resorting to the use of artificially created data. Additionally, we aimed to analyze a sporadically gathered 

collection of spectral data on a digital twin platform.  

There is a disparity between satellite and drone data in terms of their spatial coverage. Therefore, our method involves 

conducting a first extensive survey of a large geographic area utilizing satellite data. This survey is not meant to be 

comprehensive, but rather to determine the precise area of contamination. Following the initial drone surveys, 

subsequent aerial inspections will be carried out in the presumed polluted regions to perform a more comprehensive 

examination. Our goal for the future is to create a data twin platform to accommodate the growing volume of data. 
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The utilization of digital twin technology [11] is essential in our approach, as it acts as the fundamental foundation for 

the integration and analysis of data. Digital twins enable the generation of virtual replicas of actual environments and 

processes, allowing for real-time prediction, optimization, monitoring, and management. In the context of mining and 

environmental monitoring, digital twins provide a strong framework for integrating spectral data from several sources 

and facilitating complete analysis across various sections. Our research employs sophisticated image registration 

algorithms to enhance the spatial resolution of spectral pictures and make more informed decisions in mining and 

environmental management by utilizing digital twin technologies. This study presents a novel spectral image 

registration technique to enhance spatial resolution on the platform. Additionally, a digital platform protocol is 

proposed for integrating infrequently processed huge data sets. 

 

1.1. Literature review 

The low resolution of image data obtained from satellites, particularly hyperspectral data, has prompted a number of 

studies to investigate methods of improving this resolution. According to Yokoya, techniques for increasing the 

resolution of hyperspectral images can be classified into four categories: hyperspectral super resolution (multiple 

images, single image), subpixel mapping (or super resolution mapping), hyperspectral sharpening, and hyper- and 

multispectral data fusion [12]. It is important to note that the definitions of these terms are not entirely clear. For 

instance, some authors categorize super-resolution or pan-sharpening as a distinct form of data fusion, whereas others 

view high-resolution hyperspectral data as an example of "super resolution". Super-resolution constitutes a specific 

form of data fusion. 

1.1.1. Super resolution 

According to Yokoya, two distinct forms of super-resolution have been identified: 1. Multiple-frame super-resolution 

that reconstructs a high-resolution image from multiple low-resolution images, and 2. Learning based super-resolution 

[12]. Super resolution methods have been proposed, including those using linear deterministic models [13] and deep 

learning-based methods [14], [15], [16], [17]. 

1.1.2. Sub pixel mapping 

Sub-pixel mapping is a technique that converts fractional images into a higher-resolution classification map, thereby 

enabling the acquisition of the spatial distribution of various classes at the sub-pixel scale [18]. Typical algorithms 

known include Attraction Model, Pixel Swapping Algorithm, Genetic Algorithms, and Hopfield Neural Network [19]. 

Recently, methods employing CNN models have also been proposed [20]. 

1.1.3. Pan sharpening 

Pan-sharpening is the process of combining a low-resolution spectral image with a high-resolution panchromatic 

(PAN) image to create a high-resolution spectral image [21]. Pan sharpening algorithms can be broadly classified into 
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three categories (Component Substitution: CS, MultiResolution Analysis: MRA, and Sparse representation) [22], [23]. 

The CS (or projection substitution) has many derived families such as IHA, PCA, and GS. Traditionally, CS has been 

mainly studied for multispectral data, but with the rise of hyperspectral data, pan-sharpening studies have been 

conducted for these data [24]. The second method, MRA, has several methods and have been proposed, including 

HPF, HPM, Indusion, MTF-GLP-CBD, ATWT, and others. 

1.1.4. Hyper-Multi spectral data fusion 

In contrast to the process of pan sharpening, the high-resolution image incorporates spectral information, thereby 

facilitating more precise reconstruction of the spectral signal and can be classified into two categories: extensions of 

pan sharpening and approaches based on subspace methods [12]. A number of techniques have been put forth to 

address this data-fusion issue, drawing upon disparate theoretical frameworks. These include CS, MRA, spectral 

unmixing, and Bayesian probability [25]. 

 

In comparison, the endeavours to enhance the resolution of hyperspectral, as explained above, result in the generation 

of pseudo-spectra from the original data. Although numerous innovative methodologies have been proposed, an 

integrated approach to image registration that does not modify the raw data has yet to be studied. 

 

 

2. Methodology and material used. 

2.1. Protocol for registering spectral images utilizing spectral data from various altitudes. 

2.1.1. Procedure the spectral image registration protocol 

Our process starts by obtaining spectrum data from several sources, such as in-situ hyperspectral imaging, drone 

multispectral imaging, and satellite multispectral imaging. The spectral pictures acquired from these sources display 

discrepancies in spatial resolution and perspective as a result of disparities in altitude and imaging conditions. In order 

to tackle this difficulty, we utilize a multi-step picture registration procedure, as seen in the provided in Figure 1. This 

procedure entails rectifying projective distortion in spectral data, generating top-down perspective transformations, 

and aligning spectral images by extracting and selecting feature points. Our technology seeks to enhance spatial 

resolution and facilitate precise analysis of mining and environmental data by matching spectral data acquired from 

various elevations in a systematic manner. 

The integration of data obtained from disparate altitudes and disparate aerial survey methodologies offers the 

following advantages. Firstly, data obtained from satellites encompasses a distance of several hundred kilometers from 

the camera to the object being imaged, with ground surface resolution being limited to a few tens of meters. As a 

result, a comprehensive examination of the ground surface is not feasible; however, it is possible to conduct a 
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preliminary investigation across a broad region. The ground resolution of spectral data acquired from an altitude of 

tens of meters above the surface, such as by a drone, is several centimeters, which is considerably higher than that of 

satellite data. While this method is not optimal for surveying extensive areas, it can be utilized to survey specific 

regions with high precision. Data obtained from aircraft at an altitude between that of drones and satellites play a 

pivotal role in image registration. The resolution of satellite data differs significantly from that of drone data, rendering 

automatic feature point extraction impractical. However, by incorporating data of intermediate resolution acquired 

from intermediate altitudes into the image registration process, mutual registration with satellite and drone data 

becomes feasible. 

The procedure for image registration for spectrum data obtained at various altitudes is shown in this flowchart. Initial 

spectral data sources for the flowchart include "In-situ HSI," "Drone MSI," "Satellite MSI," and "Drone Orthomosaic." 

It then moves on to a decision-making procedure to determine whether projection distortion is present. It goes to 

"Pseudo-bird's-eye view image" if there is distortion, and to "RGB transformation" and "Detect SURF features" if 

there isn't. A second decision point ascertains whether the feature point extraction technique SURF (Speeded Up 

Robust Features) can detect features; if it can, it moves on to "Control Points Selection"; if not, it uses "2-D projective 

transformation." A digital twin model is also created using drone imagery that is acquired from spectral data sources. 

Finally, the resulting digital twin is used for altitude-varying spectral image registration.  

Table 1 displays the spectral data that need to be aligned. The orthomosaic data is generated when constructing a 

digital twin from drone images. 

 

Table 1 Spectral data set. 

Name Type of spectral Camera Altitudes Bands Number Wavelength 

(nm) 

In-situ HSI Specim IQ 1 m 204 400 ~ 1000 

Drone MSI P4 Multispectral 50 m 5 (Blue, Green, 

Red, RE and NIR) 

450 ~ 840 

Orthomosaic MSI P4 Multispectral 50+ m 5 (Blue, Green, 

Red, RE and NIR) 

450 ~ 840 

Satellite MSI AVNIR-2_1B1 690 km 4 (Blue, Green, Red 

and NIR) 

420 ~ 890 
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Figure 1 Flowchart of the proposing protocol. 
 

 

2.2. Digital Twin platform 

The application of digital twin technology, which is a virtual version of a physical thing or process, is expanding 

across a number of industries, including smart cities, automotive, industrial, and medical [26]. It is a transformational 

tool in the design and operation of cyber-physical intelligent systems, enabling real-time prediction, optimization, 

monitoring, and control [27]. Modeling and simulation, which assist stakeholders throughout the lifecycle of the 

system or item, are the fundamental components of the technology [28]. Conceptual diagram is shown in Figure 2. 

Even though spectral data is being collected at an increasing rate globally, there is still a lack of coordination among 

the data, which leads to irregular data processing. We built a 3D platform to facilitate the easy collecting and analysis 

of spectrum data from field surveys and interior experiments. RGB photos of the mine collected by the UAV are 

analyzed by Structure from Motion to create 3D data, which serves as the foundation model for the digital twin. 
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Figure 2 Digital Twin for mining. 
 

 

2.3. Projective distortion of spectral data 

As low-altitude spectral data, an overhead view image of the Mine's surface was captured using a hyperspectral camera 

(Specim IQ) mounted on a tripod. The oblique direction of an image taken from a tripod, as depicted in Figure 3, 

results in projective distortion, which reduces the resolution of the image from the front to the back. It is required to 

carry out a projective transformation (bird's-eye view image transformation) as if the image was taken from a vertical 

direction in order to correctly image registration with a spectral image of a different altitude taken from a vertical 

direction (Virtual Top View) [29], [30]. This study performed the bird's-eye view transformation on all band images 

and approximated the transformation matrix based on the camera's shooting angle. 

The process for bird’s eye view image transformation is depicted in Figure 3. The internal parameter matrix K of the 

camera, the corresponding rotation matrices R and R', and the 3D positions c and c', respectively, are used to generate 

the perspective projection matrix P of the shooting camera and the perspective projection matrix P' of the translated 

and rotated bird's-eye view camera.  

 

𝑃 = 𝐾[𝑅| − 𝑅𝑐] (3) 

 

𝑃′ = 𝐾[𝑅′| − 𝑅′𝑐′′] (4) 

 

can be expressed as the rotation matrices R and R' are calculated based on the values of the acceleration sensor mounted 

on the mobile terminal used for photography. If the coordinate transformation matrix (rotation matrix) by rotation 

from R to R' is defined as ΔR, the two-dimensional projection transformation matrix HΔR, which projects any point in 

the captured image by the rotation transformation ΔR, can be expressed as follows from equations (3) and (4), 

 

 

𝐻𝛥𝑅 = 𝐾(𝛥𝑅)𝐾−1 (5) 
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and can be obtained from the gravity information of the acceleration sensor. On the other hand, the parallel shift vector 

Δc from c to c' is, 

 

𝛥𝑐 = 𝑐′ − 𝑐 (6) 

 

Δc depends on the spatial resolution of the generated pseudo-overhead image. Usually, Δc is set so that the spatial 

resolution of the low-altitude image and the image resolution of the pseudo-overhead image are equivalent in order to 

improve the efficiency of the correspondence point search process. If HΔc is a 2-dimensional projective transformation 

matrix that projects an arbitrary point in the image according to the parallel shift Δc, then the 2-dimensional projective 

transformation matrix H1 that projects the image taken by the user viewpoint camera to the pseudo-bird's-eye view 

image from the bird's-eye view camera is, 

 

 

𝐻1 =  𝐻𝛥𝑐𝐻𝛥𝑅 (7) 

 

 

 
Figure 3 Bird's eye transformation. 
 

 

2.4. Spectral image registration 

In this study, spectral images with variable spatial resolution acquired from different altitudes are aligned to improve 

the local spatial resolution of low-spatial-resolution spectral images. Figure 4 illustrates the alignment procedure. The 

high-spatial-resolution spectral imagery obtained over a restricted region (spectral image taken from a lower altitude 

than the Fixed image at the research site) was defined as the Move image, while the low-spatial-resolution spectral 

image taken over a vast area was designated as the Fixed image. From them, RGB images were constructed from data 

cubes, and between the matched images, feature point extraction was carried out by selecting control points. After 
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that, image registration was carried out using the subsequent procedures: 1. Posture estimation; 2. Estimation of 

transformation models; and 3. Resampling and transformation. In order to preserve the spatial resolution of the image 

collected from lower altitudes, image registration was done to match the spectral image taken from higher altitudes. 

Although it is challenging to automatically extract feature points due to the considerable differences in data resolution 

that occur with altitude differences, the alignment can be accomplished manually by setting control points. Because 

the spectral imagery utilized in this investigation had a significant variance in altitude, feature points were chosen and 

aligned manually. 

 

 
Figure 4 Schematic diagram of image registration. 
 

 

 

2.5. Bird’ eye transformation process 

This chapter discusses the shortcomings of conventional feature point extraction algorithms, such SURF, when dealing 

with data that has large variations in surface resolution or altitude. An interactive feature point extraction method is 

presented to address this, in which control points are chosen by hand. With the specified control points as a basis, we 

estimated a similarity transformation model. By using the calculated geometric transformation to map the places of 

the output image to corresponding positions in the input image, image registration is accomplished. When the centers 

of pixels are not aligned, interpolation is utilized. Lastly, to ensure alignment across all band photos, the same 

geometric transformation is done to register images in other spectral bands. The process is shown in Figure 5. 

a) Feature point search 

In image processing and computer vision jobs, feature point extraction algorithms like SURF (Speeded-Up Robust 

Features) are typically helpful. However, as handled in this work, they were unable to be adjusted to data with 

significant altitude changes, or major surface resolution differences. To be able to replace it, we interactively extracted 
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feature points to serve as control points. The corresponding points between the Fixed and Move images were selected 

by opening an interactive selection tool. We chose at least four pairs of control points and determined the coordinates 

of valid move and fixed control point pairs to approximate the projective transformation to control points. 

b) Transformation model 

We estimated the geometric transformation after looking for the feature points. Since the moving image's geometry 

remained unchanged in this instance due to the combined effects of translation, rotation, and isotropic scaling, a 

similarity transformation was utilized as the transformation model. The matrices X and Y after rotation are then given 

by the following equations if the rotation is θ, in accordance with the geometric transformation. 

 

(
𝑋
𝑌
1

) =  (
𝑐𝑜𝑠𝜃 −𝑠𝑖𝑛𝜃 0
𝑠𝑖𝑛𝜃 𝑐𝑜𝑠𝜃 0

0 0 1
) (

𝑥
𝑦
1

) (8) 

 

Also, for isotropic scaling, if we scale by a factor of Sx in the x direction and by a factor of Sy in the y direction, the 

matrices X and Y after scaling are the lower 

 

(
𝑋
𝑌
1

) =  (
𝑆𝑥 0 0
0 𝑆𝑦 0

0 0 1

) (
𝑥
𝑦
1

) (9) 

 

c) Image Registration 

Applying the image's computed geometric transformation allowed for image registration. Mapping the locations of 

the output image to the corresponding positions in the input image yielded the values of the pixels in the output image. 

The output pixel value was determined using interpolation within the input image in cases where the center of a pixel 

in the output image did not match the center of a pixel in the input image. 

d) Image registration was performed on other spectral bands 

To overlay all band imagery on the same coordinates, the image's geometric transformation was applied to the 

remaining spectral bands. 
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Figure 5 A schematic diagram of control points selection and image registration. 
 

 

2.6. Overall process 

Figure 6 illustrates a process for resolving low spatial resolution by employing spectrum information gathered from 

drone and satellite sources. First, a range of spectral images obtained at different altitudes are displayed, comprising 

in-situ (Specim IQ) HSI, drone (DJI P4), and satellite (AVNIR-2) MSI. Utilizing spectral images from lower altitudes 

improve the situation because of the limited spatial resolution of spectral images obtained from satellites. To improve 

the presentation of spatial data, image registration of the gathered data is then carried out on a digital twin platform, 

fusing real-world data with virtual technology. Features point extraction and selection are among the procedures 

involved in image registration. By putting these methods into practice, spatial data visualization is improved since 

high-resolution spectral imagery can be seen even when the map is magnified. 
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Figure 6 How the proposed system works. 
 

 

3. Example of the proposed system configuration 

The installation of the suggested system in an actual mining site is explained in this section. The proposed system is 

the subject of this concept paper. This section presents an actual experiment that looked at the suggested system. The 

experiment was completed in the field located in Akita Prefecture. Given the presence of a closed mine in this field 

and the continued discharge of acidic mine wastewater, the Japanese government agency has initiated a mine 

wastewater neutralization treatment program. This has led to concerns about the potential for soil contamination, 

prompting the consideration of investigating the feasibility of implementing this technology. This research field covers 

a large area, making conventional soil sampling difficult. To address this challenge, our objective is to conduct a 
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comprehensive and detailed soil analysis by integrating satellite data and high-resolution drone data, which facilitate 

wide-area exploration. Previous studies have demonstrated the potential of hyperspectral imaging in identifying heavy 

metal minerals, and the application of this technology is anticipated to facilitate efficient investigation [31]. 

3.1.1. 3D Modeling 

As shown in Figure 7, a three-dimensional model of the Mine was generated using Structure from Motion from images 

acquired by UAV. As a result, a digital twin platform was established, which provided the foundation for data 

gathering and analysis. Different data visualizations related to geographic mapping and analysis are depicted in the 

figure. There are four portions in the image, each displaying a distinct kind of data visualization. In the upper-left 

corner, there are four thousand spectral photos of a certain region. A vibrant 3D representation of the same geographic 

area's height levels is seen in the top-right corner. A color gradient that runs from blue to red indicates low to high 

elevation levels. A realistic portrayal of the terrain and plants can be found in the bottom-left section of the image, 

which showcases a detailed 3D model in RGB natural hues. Another 3D model with false color representations of the 

NDVI is shown in the bottom-right section. This NDVI 3D model is helpful for examining the density and health of 

vegetation. This platform allows for the analysis and display of spectral data acquired through the development of 

various advanced image registration techniques that are discussed in the next section. This allows for the cross-

sectional processing of spectral data and can be useful mineral resources exploration as well. 
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Figure 7 A constructed 3D model. 
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3.2. Bird’s eye transformation 

The camera was angled twenty degrees with respect to the ground surface to achieve the bird's-eye view image 

modification. The outcomes are displayed in Figure 8, where the other images in the hyperspectral image are 

transformed using the same transformation matrix for the RGB image's bird's-eye view transformation. The procedure 

started with taking hyperspectral camera images in the designated area at a 20-degree angle while mounted on a tripod. 

Subsequently, the hyperspectral data was read and the bird's-eye view image was converted using a Python script. The 

only information that needed to be updated in the Python script before the code could be run was the angle information, 

as the script automatically gathers camera data. The RGB image underwent a bird's-eye view transformation first, and 

the other band images were then changed using the transformation matrix that was applied to the RGB image to create 

the hyperspectral data. 

 

 
Figure 8 Results of the bird eye transformation for hyperspectral data. 
 

 

3.2.1. Horizontal Registration 
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Instead of a single camera obtaining several band views, as seen in Figure 9, the drone cameras utilized in this work 

are configured so that each camera is assigned a specific band. In this case, there are six single-band cameras, although 

a total of five wavelengths and RGB images can be acquired. As a result, each wavelength has a slight variation in 

location in the horizontal direction while photographing the same object. It is not possible to acquire normal spectrum 

information if they are kept in the data cube exactly as they are. The horizontal misalignment was corrected by image 

registration. The same scene's spectral images were initially loaded, as seen in Figure 9, and detected feature points. 

After that, image registration was carried out using these images to produce a data cube with the horizontal 

misalignment fixed. Hyperspectral Viewer can be used to examine the generated data cube. 

 

 
Figure 9 Image registration for drone camera images. 
 

 

3.2.2. Vertical image misalignment 

As seen in Figure 10, the images following the transformation to a bird's-eye perspective were manually selected 

feature points to coincide with images captured at a higher altitude. The feature points were extracted visually because 

automatic feature point extraction was not feasible due to the significant altitude difference. Figure 10 displays the 

image registration's outcome. The spatial resolution of the image acquired from low altitude was preserved while the 

image registration was computed to match the spectral image collected from higher altitude by fitting the move image 

to the corresponding coordinates on the fixed image. A conceptual diagram of the aligned spectral images is presented 

in Figure 11. 
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Figure 10 Control points selection shows as False RGB images. 
 

 

 
Figure 11 An overview of the result showed as False RGB images. 
 

 

4. Limitations and Future Works 

As this paper is concerned with the proposal of a registration technique for different altitude spectral images, the 

constructed spectral images have not been employed in the search for contaminated soil areas. In the future, we intend 

to combine this technique with machine learning in order to identify contaminated areas. Moreover, the proposed 

technology has the potential to be utilized for resource exploration. While currently constrained to mineral resources 
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that are exposed on the surface of the Earth, it is anticipated that this technology can be employed to facilitate more 

comprehensive surveys than previously possible. To further these studies, it is essential to gather geological and 

mineralogical data. Subsequent studies will be conducted concurrently with the collection of this data and the 

investigation of the prospective applications of this technology. 

 

 

5. Conclusions 

This study investigated a spectral image registration method that may be able to address some of the issues related to 

remote sensing's lack of spatial resolution. The creation and administration process for this kind of system was also 

included in the study. Building a system that can examine spectral data obtained at different altitudes is the aim of this 

study. The closed mine in Akita Prefecture, Japan, was the subject of this investigation. The research was split into 

two sections: (1) system application through field research and lab testing; and (2) creation of various image 

registration methods. In the first section, 3D model of the mine site was produced from UAV data by employing 

Structure from Motion as the foundation for a digital twin. Part (2) involved the conversion of spectral data obtained 

from oblique angles during the field survey into bird's-eye view images, which were image registered with data 

obtained from higher altitudes to produce spectral data that was localized and had high resolution. We suggested a 

strategy for synchronizing spectral data from various altitudes on the same digital platform by merging the two terms 

mentioned above. 

This work enhances the spatial resolution of spectral imagery obtained from various altitudes and permits cross-

sectional analysis of spectral data groups from various altitudes, which was previously restricted to intermittent data 

linking. Heavy metal pollution of wasted minerals from mining development is a serious global-scale issue, and this 

study shows the potential to facilitate their environmental assessment. 
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