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Abstract. Proximal hyperspectral imaging has been widely used in material analysis, mineral mapping, and related 

geological studies. However, most publicly available datasets are limited to a single observation scenario and commonly lack 

corresponding mineralogical and geochemical constraints, which restricts quantitative analysis, cross-scenario comparison, 

and objective method evaluation. To meet this need, this study presents a multi-scenario proximal shortwave infrared 10 

imaging hyperspectral dataset for geological samples collected from typical clay-type lithium deposits hosted in carbonate 

successions in China, systematically covering four complementary observation scenarios, including powder, drill core, hand 

specimen, and in-situ outcrop. The data were acquired using a HySpex imaging spectrometer covering 960–2500 nm. In 

addition to the hyperspectral imagery, the dataset integrates mineralogical information, geochemical information, sampling 

annotations, reference panel spectra, geographic locations, and related metadata, thereby establishing a unified framework 15 

linking spectral observations, sample composition, and spatial context. For the controlled indoor scenarios, the dataset 

provides reflectance data, whereas for the field in-situ scenario it provides radiometrically corrected imagery together with 

reference panel spectra and example products for data use. The dataset is organized in standard and widely used formats. By 

covering multiple observation scenarios under the same geological setting and hyperspectral sensor system, and by providing 

mineralogical and geochemical reference information, it can support model development, domain-shift analysis, and studies 20 

linking proximal observations with multi-platform mineral mapping and spectral analysis. The dataset is publicly available 

on Zenodo at https://doi.org/10.5281/zenodo.19142250 (Zhang et al., 2026a). 

1 Introduction 

Hyperspectral imaging can acquire continuous spectral and spatial information simultaneously across scales ranging from 

metres (airborne and spaceborne observation) to millimetres (proximal observation), providing a reliable means for high-25 

resolution and non-destructive analysis of material surfaces (Goetz et al., 1985; Hajaj et al., 2024). The recorded reflectance 

spectra are functions of the chemical and physical properties of the target material, which interact differently with incident 

radiation at the molecular and atomic levels (Clark, 2004; Hunt, 1977). As a result, imaging hyperspectral data have been 

widely applied in resource exploration for detailed drill-core logging, characterization of mineralization zonation, ore sorting, 
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and related geoscientific analyses (Booysen et al., 2022; Corrado et al., 2025; Windrim et al., 2023; Zhang et al., 2026b). 30 

However, compared with the rapid development of methods and applications, publicly hyperspectral observation datasets 

remain relatively limited, particularly imaging hyperspectral datasets that combine high-spatial-resolution observations with 

corresponding mineralogical and geochemical information. This limitation constrains model development, method validation, 

and objective evaluation to some extent (Borsoi et al., 2021; Cavalli, 2023; Rasti et al., 2024; Zou et al., 2025). 

Publicly available geological hyperspectral data resources have long provided an important foundation for both applied 35 

research and algorithm development. A representative example is the classic AVIRIS Cuprite scene in Nevada, for which the 

imagery and derived mineral maps have been widely used as benchmark data for mineral identification, spectral matching, 

and endmember extraction, and have played an important role in advancing imaging spectroscopy research and applications 

(Clark et al., 2003; Swayze et al., 2014; Van Der Meer et al., 2012). At the same time, public spectral libraries such as USGS, 

ECOSTRESS, and other related resources provide large numbers of reference spectra acquired under laboratory or field 40 

conditions, and serve as a general basis for spectral interpretation, spectral matching, and material identification (Baldridge 

et al., 2009; Cardoso-Fernandes et al., 2023; Clark et al., 2007; Kokaly et al., 2017; Meerdink et al., 2019). These resources 

are highly valuable in terms of standardized conditions, material coverage, and spectral reference. However, they are 

commonly dominated by powdered natural or synthetic materials, or a number of standard samples, and most are based 

primarily on point spectroscopy rather than imaging hyperspectral observations. 45 

In recent years, with advances in sensor technology and increasing demands for analytical accuracy and spatial resolution, 

proximal hyperspectral imaging has been more widely applied in geological studies (Corrado et al., 2025; Lorenz et al., 2021; 

Scafutto et al., 2016; Windrim et al., 2023). Some high-quality proximal datasets have also become publicly available. For 

example, the National Virtual Core Library (NVCL) in Australia has accumulated large volumes of visible near infrared core 

spectra and imagery, providing important support for mineral identification and digital core analysis (Huntington, 2016; 50 

Schodlok et al., 2016). Sample-scale hyperspectral datasets such as HIDSAG further emphasize multimethod 

characterization and suitability for machine learning applications (Ehrenfeld et al., 2023; Koerting et al., 2021). In addition, 

independently released mineralogical datasets, such as mineral abundance results derived from XRD and Rietveld 

refinement, provide useful references for quantitative mineral composition studies (Green et al., 2024). These resources have 

substantially enriched the open data basis of the hyperspectral community, but close and traceable links among mineralogical 55 

data, geochemical data, and proximal observations are still commonly lacking. 

Therefore, there remains a clear need for imaging hyperspectral datasets that focus on the same geological setting, use a 

consistent sensor system, systematically cover multiple proximal observation scenarios, and provide traceable mineralogical 

and geochemical information. Existing datasets commonly focus on a single acquisition scenario or sample type, or place 

greater emphasis on multi-platform remote-sensing integration. For example, the Rocklea Dome 3D Mineral Mapping Test 60 

Data Set has integrated ground-based and airborne observations (Laukamp et al., 2021), but multi-scenario proximal datasets 

acquired with the same sensor and centred on the same geological setting are still needed. Such datasets are particularly 

important for mineral mapping, hyperspectral unmixing, cross-scenario comparison, and domain-shift analysis, because they 
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can provide a more consistent basis for comparing spectral variations across different sample forms and observation 

conditions while minimizing differences related to instrumentation and geological setting. 65 

Here, we present a multi-scenario proximal SWIR hyperspectral imaging dataset that systematically covers powder, hand 

specimen, drill core, and in-situ outcrop observations of the same geological setting. The dataset is complemented by 

traceable mineralogical and geochemical information, together with corresponding metadata, processing workflows, and 

quality-control records. It is released as hyperspectral images and associated mineralogical and geochemical information, 

without further interpretative analysis, and is intended to provide a reusable basis for geological hyperspectral applications 70 

and related method development. The dataset is publicly available from Zenodo. 

2 Methods and materials 

2.1 Sample materials and provenance 

The dataset focuses on clay-type lithium deposits as the geological setting, given their widespread occurrence and increasing 

resource relevance worldwide (Benson et al., 2017, 2023; Ling et al., 2021, 2024; Wen et al., 2020). Driven by the energy 75 

transition and the rapid expansion of the battery industry, demand for lithium resources continues to increase. In this context, 

clay-type lithium deposits are increasingly recognized as an important potential supply type in addition to salar brines and 

pegmatites. They have been reported and evaluated in sedimentary–volcanic basins and carbonate–clastic successions across 

multiple continents, indicating a broad global distribution (Meshram et al., 2014; Benson et al., 2017; Castor and Henry, 

2020; Wen et al., 2020; Zhu et al., 2021; Ling et al., 2024; Ran et al., 2024). Meanwhile, these deposits commonly occur as 80 

stratified or stratiform-like lithological successions and are spatially associated with limestone, dolostone, or other 

sedimentary units (Liu et al., 2026; Zhang et al., 2026b). This geological setting is well suited for establishing multiscale 

comparisons from powder and hand specimen to drill core and in-situ outcrop, and for building a traceable observation–

analysis framework. Such a framework can provide a consistent data basis for comparative studies and mineral mapping in 

resource exploration. Accordingly, this dataset uses clay-type lithium mineralization hosted in carbonate successions as its 85 

sample source, with most samples collected from southwest China, mainly Yunnan and Guizhou provinces. These sampling 

areas are mainly located within the Yangtze Block, a major Precambrian continental block in South China characterized by a 

crystalline basement overlain by extensive Neoproterozoic to Phanerozoic sedimentary successions, including widespread 

marine carbonate rocks (Cawood et al., 2018; Zhao, 2015). 

From the perspectives of spectral mechanism and geological characteristics, this type of deposit is naturally suitable for 90 

imaging spectroscopy. On the one hand, clay minerals such as illite, smectite, and kaolinite, together with carbonate minerals 

such as calcite and dolomite, exhibit clear diagnostic absorption features in the SWIR range (Clark, 2004; Kokaly et al., 

2017), which facilitates the establishment of a stable correspondence between mineral assemblages, abundance gradients, 

and spectral responses. On the other hand, these deposits are characterized by the coexistence of multiple minerals, spanning 

a continuous range from single-mineral-dominated samples to mixed-mineral assemblages. This makes them well suited for 95 
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spectral unmixing, cross-scene generalization, and mineral mapping. When further combined with mineralogical and 

geochemical information, such as Al, K, Fe, Mg, Ca, Ti, Mn, and Sr, the dataset can provide dual constraints from both 

mineralogy and geochemistry. This not only improves data verifiability, but also substantially expands the transferability and 

comparative value of the dataset for subsequent studies. 

 100 
Figure 1: Representative sample types included in the dataset. 

This study collected hyperspectral data for multiple sample types, covering different observation scenarios and physical 

forms, including drill core, corresponding powder, hand specimen, and in-situ outcrop (Figure 1). Drill core samples were 

scanned continuously along the core axis. Each core section was approximately 120 cm long and 10 cm in diameter. The 

powder was prepared from powdered materials derived from segmented drill core sampling, as well as from exploration 105 

trench and stripped outcrop sampling. Because samples from exploration trenches and stripped outcrops were mostly not 

standard block samples but rather loose materials, they were uniformly crushed, ground, and prepared as powder samples. 

Hand specimens and in-situ outcrops were both scanned repeatedly. All samples were identified using a unified coding 

system, and the corresponding numbering rules are provided in Table 1. 
Table 1: Sample types and ID coding scheme. 110 

Sample type ID example Description 

Drill core DC1111S01 
Sample IDs follow the format DCxxxxSxx, where DC denotes drill core, xxxx is 
the drill hole ID, S indicates spectral sample, and xx is the sequence number. 

Powder PDC1111S01 
Sample IDs follow the format Pxxxxxxxxx, like PDCxxxxSxx, where PDC 

denotes drill-core powder sample. 

Exploration trench ET1111S01 
Sample IDs follow the format ETxxxxSxx, where ET denotes exploration trench, 

xxxx is the trench code, S indicates spectral, and xx is the sequence number. 

Stripped outcrop ST1111S01 
Sample IDs follow the format STxxxxSxx, where ST denotes stripped site, xxxx 

is stripped outcrop ID, S indicates spectral, and xx is the sequence number. 

Hand specimen HS0001R1 Sample IDs follow the format HSxxxxRx, where HS denotes hand specimen, 
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xxxx is the sample code, and Rx indicates the scan number. 

In-situ outcrop OC0001R1 
Sample IDs follow the format OCxxxxRx, where OC denotes outcrop scanning, 

xxxx is the sample code, and Rx indicates the scan number. 
 

2.2 HSI data acquisition and preprocessing 

All proximal hyperspectral data used in this study were acquired with a HySpex Baldur S-384 N imaging spectrometer 

(Figure 2). The sensor operates in the shortwave infrared (SWIR) range from 960 to 2500 nm, with 384 cross-track pixels 

and a spectral sampling interval of 5.45 nm. Each spatial pixel records a full spectrum, resulting in 288 spectral bands 115 

(technical description available at http://hyspex.no/products/disc.php, last access: 27 March 2026). To ensure comparability 

across different observation scenarios, both laboratory measurements and field in-situ acquisitions were conducted using the 

same sensor. At the same time, differences in sample form, observation geometry, and environmental conditions were taken 

into account, and the acquisition strategies and subsequent processing workflows were designed separately for each 

observation environment. 120 

 
Figure 2: Instrument setup and measurement configuration. (a) laboratory scanning, (b) field in-situ scanning. 

2.2.1 Laboratory HSI measurements 

Except for the in-situ outcrop, all hyperspectral imaging (HSI) data were acquired indoors under controlled conditions using 

a moving platform for line-scan imaging (Figure 2a). During acquisition, a standard high reflectance white reference panel 125 

was used for reflectance calibration. The panel was placed at a fixed position within each image to ensure consistent 

calibration conditions among samples. To reduce the influence of sample height differences on imaging geometry, foam 

boards were used to adjust sample height so that the sample surface remained level with the white reference surface during 

scanning. 

Laboratory measurements were conducted using two horizontally opposed halogen lamps as a stable illumination source 130 

(Figure 2a), each with a power of 360 W and an illumination angle of approximately 60°. No other light sources were 
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present during acquisition. The sensor was equipped with a Foreoptics type 1.00 (40°) (HG) lens and operated at a working 

distance of approximately 0.65–0.70 m, corresponding to a field of view of about 0.27 ± 0.01 m and a spatial resolution of 

about 0.70 ± 0.03 mm. The maximum acquisition speed of the system was 0.30 m/s, whereas the actual scanning speed used 

in this study was 3.95 cm/s. The camera settings were a frame period of 18000 μs and an integration time of 2540 μs. 135 

All HSI data were ultimately processed into reflectance format. Data acquisition was performed using HySpex Ground LAB 

software provided by the instrument manufacturer, and data processing was conducted using HyspexRad V3.1. The fixed 

white-reference correction approach was applied during preprocessing. Specifically, the start frame and end frame 

corresponding to the reference panel were selected as the reference region in the acquired data, and the reflectance of the 

white panel was set to 99.99 %. The sample data were then converted to relative reflectance based on this reference. 140 

2.2.2 In situ HSI measurements of outcrops 

In-situ outcrop hyperspectral data were acquired using the sensor mounted on a tripod platform, and line-scan imaging of the 

target outcrop was performed using a gimbal rotating at a constant angular velocity (Figure 2b). To reduce the effects of 

rapid changes in solar elevation and strong direct illumination on data quality, field acquisition was conducted under 

overcast conditions with relatively stable ambient light. During in-situ scanning, no foreoptic lens was installed on the sensor, 145 

and the instrument directly recorded the radiance signal from the target. The frame period was set to 18 000 μs, while other 

acquisition parameters were adjusted according to weather conditions and in situ irradiance levels. The scanning angular 

range was 60–120°, and the gimbal rotation speed was about 2.324 °/s. 

Field data calibration used the same high reflectance reference panel as in the laboratory measurements. The panel was 

placed directly facing the sensor to ensure consistent reference observation geometry. Radiometric correction was performed 150 

using HySpexRad V3.1. Considering that field observations are affected by ambient illumination, terrain shadow, and 

observation geometry, the dataset provides the original radiance data together with example reflectance data derived using 

the empirical line method in ENVI 5.6, thereby supporting data use and comparison under different application. 

2.3 Reference compositional analyses 

2.3.1 Sample preparation for mineralogical and geochemical analyses 155 

Samples used for mineralogical and geochemical analyses were further prepared from the collected materials. For stripped 

outcrop, exploration trench, and hand specimen samples, either the whole sample or a representative portion was selected 

according to sample size and integrity, and then crushed to preserve. Drill core samples were mainly collected from clay-rich 

intervals and their adjacent sections, so as to balance denser control of key mineral-mixing intervals with continuous 

coverage of the overall lithological assemblage. 160 

Subsequent grinding and analytical sample preparation were conducted before July 2024 by ALS Laboratory Group, 

Guangzhou, China. The laboratory was acquired by Centre Testing International Group (CTI) in May 2025. After further 
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crushing and grinding, all samples were reduced to a final particle size of <74 μm. One portion of the powder samples was 

used for geochemical analysis at ALS Laboratory, and another portion was used to mineralogical analysis and spectral 

measurements. The workflow of sample preparation and subsequent analyses is shown in Figure 3. 165 

 
Figure 3: Workflow of powder sample preparation and subsequent mineralogical and geochemical analyses. 

2.3.2 Mineralogical analyses 

X-ray diffraction (XRD) has long been one of the most widely used and fundamental techniques for the identification and 

quantitative analysis of mineral compositions in geological samples, particularly for the recognition and comparison of 170 

crystalline phases such as clay minerals and carbonates (Chipera and Bish, 2013; Zhou et al., 2018). To obtain mineralogical 

information, XRD analyses were conducted on powder samples using a Shimadzu 6100Lab multifunctional X-ray 

diffractometer. The X-ray tube employed a Cu target operated at 40.0 kV and 30.0 mA. The slit settings were as follows: 

divergence slit 1.0°, scatter slit 1.0°, and receiving slit 0.300 mm. Data were collected in continuous θ–2θ scan mode over a 

range of 5.0–80.0° (2θ), with a scan speed of 10.0° min−1, a sampling pitch of 0.0200°, and a preset time of 0.12 s. These 175 

measurement conditions were used to acquire the raw XRD diffraction patterns for subsequent quantitative analysis. 

For quantitative mineralogical analysis, a QXRD workflow was applied to derive mineral phase abundances. Quantification 

was performed using the Full Pattern Summation (FPS) method. This approach represents the measured diffraction pattern as 

a combined contribution of reference diffraction patterns from individual component phases and estimates phase abundances 

in complex mixtures using reference intensity ratios (Butler and Hillier, 2021b; Chipera and Bish, 2013). The RockJock 180 

reference library (Eberl, 2003) was used to support the identification and quantification of mineral phases (Butler and Hillier, 

2021a). The dataset provides both the raw XRD diffraction data and the mineral phase abundance results derived from the 

FPS analysis, allowing subsequent users to perform verification, reprocessing, and method comparison. 
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It should be noted that the QXRD workflow adopted here represents the quantitative mineralogical approach used for this 

dataset, but it is not the only possible option. In addition to the FPS method based on full pattern summation, QXRD may 185 

also be performed using full-pattern fitting through Rietveld refinement (Rietveld, 1969) or by applying reference intensity 

ratio (RIR)-based quantification approaches (Moore and Reynolds, 1989). Different QXRD methods vary in their treatment 

of peak overlap, preferred orientation effects, and their dependence on reference diffraction patterns and structural models 

(Zhou et al., 2018). Therefore, based on the raw XRD data provided here, users may choose alternative quantification 

approaches according to their research objectives for further quantitative analysis and comparison. 190 

2.3.3 Geochemical analyses 

To supplement the mineralogical information and provide geochemical reference for spectral interpretation, elemental 

analyses were conducted on the powder samples. Considering the potential community use of the dataset, the reported 

elements include Al, K, Fe, Ca, Mg, Sr, Mn, and Ti. These elements characterize the major compositional variations in the 

clay-mineral and carbonate-mineral systems and can be linked to both spectral features and mineralogical information. 195 

Geochemical quality control information is provided in Table 2. During analysis, blank samples and certified reference 

materials were measured repeatedly to assess analytical stability and accuracy. Geochemical analyses were performed by 

ALS Laboratory Group. Samples were digested using a four-acid method involving perchloric acid, nitric acid, hydrofluoric 

acid, and hydrochloric acid, followed by dilution with dilute hydrochloric acid. Element concentrations were determined 

using ICP-OES (Agilent 5110) and ICP-MS (Agilent 7900), and the final results were obtained after correction for inter-200 

element interferences. 
Table 2: Quality control information for geochemical measurements. 

Element Al K Fe Ca Mg Sr Mn Ti 

Unit % % % % % μg/g μg/g % 

Detection limit 0.01 0.01 0.01 0.01 0.01 0.2 5 0.005 

Blank sample <0.01 <0.01 <0.01 <0.01 <0.01 <0.2 <5 <0.005 

CRM deviation (EMOG-17) <0.06 <0.04 <0.03 <0.00 <0.00 <3.0 <15.00 <0.014 

CRM deviation (MRGeo08) <0.40 <0.15 <0.02 <0.06 <0.07 <6.00 <13.00 <0.017 

CRM deviation (OREAS-45h) <0.38 <0.01 <1.30 <0.01 <0.02 <0.60 <13.00 <0.037 
Note: CRM = certified reference material. 
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3 Results 

3.1 Dataset contents and organization 205 

This dataset comprises four scenario-specific subdatasets, including powder, drill core, hand specimen, and in-situ outcrop. 

The released data include hyperspectral image data, mineralogical information, geochemical information, positional and 

annotation information, and auxiliary files. Collectively, these data constitute a multi-scenario proximal observation dataset 

framework, enabling the integration of spectral observations with mineralogical and geochemical information across 

different types of geological materials and observation settings. 210 

The dataset is organized according to acquisition scenario, and each subdataset contains data products specific to its 

sampling and measurement context (Table 3). The powder subdataset includes hyperspectral reflectance data, XRD/QXRD 

results, and geochemical analyses. The drill-core subdataset includes hyperspectral data, sampling annotation records, and 

drillhole position information. The hand-specimen subdataset contains hyperspectral reflectance data, whereas the in-situ 

outcrop subdataset contains hyperspectral image data and corresponding outcrop position information. The relationships 215 

among these subdatasets are established mainly through sample-based identifiers and contextual metadata. Among them, the 

closest correspondence exists between the drill-core and powder data, because powder was derived from selected drill-core 

intervals and can be associated through drillhole IDs and sampling annotation information. All data are stored in standard 

and widely used formats, which facilitates data access and reuse. 
Table 3: Summary of released subdatasets and their organization 220 

Subdataset Data product Description Linkage key File format 

Powder 

Hyperspectral data Reflectance data Sample ID '.img', '.hdr' 

XRD/QXRD results Mineralogical analysis data Sample ID '.csv ', '.RAW' 

Geochemical data Geochemical analysis data Sample ID '.csv' 

Drill core 

Hyperspectral data Reflectance data Drillhole ID '.img', '.hdr' 

Sampling annotation Sampling position records Sample ID '.png' 

Position information Geographic coordinates Drillhole ID '.csv' 

Hand specimen Hyperspectral data Reflectance data Sample ID '.img', '.hdr' 

In-situ outcrop 
Hyperspectral data Radiometrically corrected data Outcrop ID '.img', '.hdr' 

Position information Geographic coordinates Outcrop ID '.csv' 
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3.2 Multi-scenario HSI examples 

3.2.1 Powder 

Hundreds of powder samples are included in the dataset. After subsampling for geochemical and mineralogical analyses, the 

remaining powder materials were further prepared as powder pellets for hyperspectral scanning. This preparation provided a 

flat and uniform surface that was suitable for measurement. 225 

 
Figure 4: Representative mean reflectance spectra derived from the central 5 × 5 pixels of powder samples. 

As shown in Figure 4, the powder spectra are generally smooth and display clear diagnostic mineral absorption features. 

Samples dominated by carbonate minerals exhibit distinct carbonate absorption features, with a diagnostic absorption near 

2320 nm (Figure 4a). As the carbonate composition changes, the absorption position shifts accordingly, tending toward the 230 

longer wavelength region near 2350 nm when the calcite proportion increases. Samples dominated by illite show a 

pronounced absorption feature near 2200 nm (Figure 4b). With increasing mixing with other minerals, the symmetry, 

position, and depth of this absorption feature change markedly. When illite is mixed with chlorite, the illite related 

absorption shifts toward longer wavelengths, and a diagnostic chlorite absorption feature appears near 2265 nm (Figure 4c). 

When illite is mixed with kaolinite, a distinct left-shoulder feature develops near the 2200 nm absorption, and this feature 235 

varies with kaolinite abundance (Figure 4d). 

The main mineral mixing patterns represented in the powder dataset are therefore mixtures among different clay minerals 

and mixtures between clay minerals and carbonate minerals. When combined with the associated mineralogical and 

geochemical reference data, these samples support coupled analyses of spectral features, mineral abundances, and chemical 

compositions. 240 

3.2.2 Drill core 

The drill core data are organized by borehole. After collection, the cores were placed in core trays for storage and 

hyperspectral scanning. Because the cores are mainly composed of claystone and carbonate rocks, their physical properties 

differ markedly. Carbonate-rich cores are generally hard and intact, whereas clay-rich cores are more fragile and tend to 

break after recovery. For this reason, all drill cores were scanned directly in the trays. According to tray spacing and core 245 

length, the scanned data were then rotated and cropped into individual images. As the tray width is commonly about twice 
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the sensor swath, each tray usually required multiple scans. Like example shown in Figure 5, a tray containing 7 rows of core 

was scanned in three passes. The first three rows were scanned first, the fourth row was scanned after repositioning, and the 

remaining three rows were scanned after reversing the tray orientation. Continuous drill core images were obtained after 

image rotation and cropping. Because the sensor settings were unchanged, the imaging conditions and spatial resolution of 250 

the drill core data are consistent with those of the other laboratory measurements. 

 
Figure 5: Example of sampling annotation, image cropping, and identifier linkage for drill core data. 

Using the borehole identifiers and the corresponding sampling positions, the drill core data can be linked to the powder 

samples (Figure 5). Mineralogical and geochemical information obtained from powders collected from the drill cores 255 

provides reference for further interpretation of the hyperspectral data. 

 
Figure 6: Representative drill core images and corresponding reflectance spectra. 
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The dataset provides continuous drill core images, which can reflect mineralogical variations along stratigraphic depth. As 

shown in Figure 6, panels a to f illustrate representative transitions from dolostone to claystone and then to limestone, 260 

together with their sample characteristics and lithological transition features. Carbonate-dominated intervals, such as those in 

Figure 6a and f, their spectra display clear diagnostic carbonate absorption features near 2350 nm. In transitional intervals 

between claystone and carbonate, the spectra show clear signatures of intimate mixing between clay minerals and carbonate 

minerals, with pronounced absorptions near 2200 and 2350 nm (Figure 6f). Clay-rich intervals appear red in the false-colour 

images because of the strong absorption near 2200 nm (Figure 6c and d). Mixing among clay minerals can further change 265 

both the absorption position and the absorption shape, which is consistent with the patterns observed in the powder samples. 

3.2.3 Hand specimen 

The hand-specimen data were acquired using the laboratory sensor configuration, measurement environment and parameters 

as the powder and drill core. They therefore form part of the same multi-scenario proximal SWIR data framework. 

Lithologically, these samples include limestone, dolostone, and claystone. Structurally, they cover compact massive, clastic, 270 

and oolitic types, thereby reflecting the diversity of mineral composition and textural organization on natural geological 

surfaces. Unlike the relatively uniform surfaces of powder samples, hand specimens commonly show pronounced spatial 

heterogeneity. Local differences in grain composition and texture are often associated with distinct spectral responses. 

As shown in Figure 7, the hyperspectral images and reflectance spectra extracted from corresponding locations directly 

illustrate spectral variations within individual samples. Even in visually dense and relatively homogeneous specimens, 275 

different locations may still exhibit clear differences in mineral absorption features. This indicates that the hand-specimen 

data effectively capture the component and surface heterogeneity present in natural samples. 

 
Figure 7: Representative hand specimen images and corresponding reflectance spectra. 
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3.2.4 In situ outcrop 280 

The in-situ outcrop data were acquired using the same sensor and the same geological setting as in the other scenarios, 

ensuring comparability across the dataset. Because outcrop measurements were collected in an uncontrolled field 

environment, they are more strongly affected by variations in solar illumination, observation geometry, and atmospheric 

water vapour. For this reason, the dataset primarily provides radiometrically corrected imagery, while reflectance data are 

not treated as the only formal data product. 285 

Figure 8 presents an example of reflectance retrieval using the empirical line method in ENVI 5.6. The spectra of 

representative points S1 to S3 show that clear diagnostic absorption features can still be identified within the main usable 

wavelength range, including the left-shoulder feature of kaolinite near 2200 nm, the illite-related absorption near 2200 nm, 

and the chlorite-related absorption near 2265 nm. This indicates that, after appropriate correction, the in-situ outcrop data can 

support mineral identification and related spectral analysis. Point S4 shows the reflectance spectrum of the reference panel 290 

after correction. Except for the strong atmospheric water-vapour absorption regions, its reflectance remains close to 100% 

across other wavelengths, suggesting that the method can provide generally reasonable reflectance recovery within the main 

usable bands. 

It should also be noted that the quality of the in-situ outcrop data is strongly constrained by field conditions. In particular, the 

atmospheric water-vapour absorption regions near 1400 and 1900 nm usually show relatively low signal-to-noise ratios and 295 

poor spectral stability, and are therefore generally not recommended for direct mineral identification or quantitative analysis. 

In addition, the empirical-line reflectance results may be influenced by selection of the region of interest and other 

operational factors. To reduce these effects as far as possible, each outcrop was scanned multiple times, and the sensor was 

positioned to maintain a near-normal view of the reference panel during acquisition. To preserve data traceability and 

methodological flexibility, the dataset therefore gives priority to the release of radiometrically corrected data and reference 300 

panel spectra, and users are encouraged to select their own reflectance correction workflow and wavelength range according 

to specific research objectives. 

https://doi.org/10.5194/essd-2026-244
Preprint. Discussion started: 22 June 2026
c© Author(s) 2026. CC BY 4.0 License.



14 
 

 
Figure 8: Representative in situ outcrop images and corresponding reflectance spectra [4x4 AVG]. 

3.3 Mineralogical and geochemical reference 305 

In addition to the hyperspectral data, the dataset also provides sample-linked reference mineralogical and geochemical 

information to enhance data interpretability and reusability. The geochemical data include elemental results together with the 

corresponding quality control files, allowing users to assess analytical reliability, trace the testing process, and perform 

further screening and use according to specific research needs. These reference data can serve not only as supporting 

information for the interpretation and validation of the hyperspectral data, but also as a basis for coupled analyses of mineral 310 

composition, elemental characteristics, and spectral responses. 

For the mineralogical information, both the raw XRD data and the mineral abundance results derived from the QXRD are 

provided. To improve data transparency and reusability, the dataset retains the raw diffraction patterns and also includes the 

mineral phase interpretations and quantitative results adopted in this study, together with reference merging schemes for 

phases subdivided by crystal type or structural state. For example, where phases belong to the same mineral group but differ 315 

in crystal structure, degree of structural ordering, or naming level, corresponding grouping suggestions are provided. This 

allows users to select a mineral class representation more appropriate for mineral mapping, statistical analysis, or model 

training according to their research objectives. These schemes are intended as references rather than fixed standards. Because 

the raw XRD data, QXRD results, and related metadata are all fully provided, users may still reclassify, merge, or reprocess 

the mineral phases according to their own needs. Figure 9 presents the measured XRD patterns and QXRD fitted results for 320 

two representative samples, including a claystone sample and a carbonate rock sample. 
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Figure 9: Comparison between measured XRD patterns and QXRD fitted profiles for representative samples. (a) an illite-rich 
claystone, (b) a carbonate rock. 

The value of these mineralogical and geochemical data lies not only in providing independent reference information for the 325 

hyperspectral observations, but also in their potential coupling with the hyperspectral data. For the clay and carbonate 

mineral systems represented in this work, characteristic SWIR absorptions are commonly related to cation–hydroxyl 

associations, crystal-chemical properties, and mineral abundance variations, which in turn often correspond to changes in 

elemental concentrations. Mineral abundances, elemental concentrations, and hyperspectral absorption features may 

therefore contain exploitable associations and potentially quantitative relationships. Figure 10 shows the relationships 330 

between mineral abundances and elemental contents, including the correlations of carbonate minerals with Ca and Mg, illite 

with K, and kaolinite with Al. These patterns indicate that the mineralogical and geochemical information is highly 

complementary and highlight the potential of the dataset for mineral–element–spectral coupling analysis, feature 

interpretation, and related modelling studies. 
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 335 
Figure 10: Relationships between mineral abundances and corresponding elemental concentrations. 

4 Discussion 

The value of the dataset lies not only in its multi-scenario observations, but also in its response to the need within the 

geological hyperspectral community for publicly available data resources with mineralogical and geochemical reference 

information. Hyperspectral data have been widely used for lithological identification, mineral mapping, and mineral 340 

exploration, but spectral interpretation, model calibration, and result validation commonly require independent mineralogical 

and geochemical constraints (Cavalli, 2023; Koerting et al., 2021; Peyghambari and Zhang, 2021; Van Der Meer et al., 

2012). The development of such open reference datasets has therefore continued to be recognized as an important foundation 

for geological hyperspectral research. Within a unified framework, this dataset systematically covers four complementary 

proximal SWIR observation scenarios, including powder, drill core, hand specimen, and in-situ outcrop, and further 345 

integrates XRD/QXRD and geochemical reference. In this way, it links spectral observations with mineralogical and 

geochemical analyses, thereby providing a basis for the interpretation and validation of future studies. 

Compared with existing geological hyperspectral open data resources, the contribution of this dataset does not lie in 

providing a broader general spectral library or a larger geological hyperspectral database. Instead, it lies in establishing a 

multi-scenario data framework centred on the same geological setting, acquired with the same sensor, and linked across 350 

scenarios in a traceable manner. Existing resources such as RELAB (Milliken, 2019), the USGS Spectral Library (Kokaly et 

al., 2017), and GREENPEG (Cardoso-Fernandes et al., 2023) are primarily designed as broad reference spectral libraries for 

laboratory, field, or specific material types, and provide essential support for material identification and spectral comparison. 
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However, these libraries are commonly based on point spectrometer measurements. Imaging datasets such as HIDSAG and 

NVCL are closer to the present dataset in terms of imaging format, but their samples are generally treated as independent 355 

scanning objects, with emphasis on providing high quality training and test data rather than building a cross-scenario, 

traceable observation chain around the same geological setting (Ehrenfeld et al., 2023; Huntington, 2016). The Rocklea 

Dome 3D Mineral Mapping Test Data Set places greater emphasis on the integration of multi-platform observations and 

mine-scale 3D mineral mapping (Laukamp et al., 2021). In contrast, the present dataset is more specifically focused on a 

proximal, sample-scale, multi-scenario imaging chain and is further supported by traceable mineralogical and geochemical 360 

reference information, thereby providing a useful data basis for related applications. 

Accordingly, this dataset can support not only mineral mapping and feature interpretation, but also the validation of 

hyperspectral unmixing and quantitative mineral analysis under real sample conditions. At the same time, the consistency of 

the geological setting and sensor system makes the dataset suitable for cross-scenario generalization and domain adaptation 

studies. In addition, this is not a small demonstration dataset, its scale and data quality are sufficient to support the training 365 

and validation of supervised and unsupervised machine learning and deep learning methods. Overall, the dataset can serve 

not only geological analysis and interpretation, but also the testing and validation of deep learning, transfer learning, and 

spectral unmixing models, as well as studies linking proximal observations with mineral mapping at broader scales. 

It should be noted that, although this dataset establishes links between multi-scenario proximal observations and reference 

information, inherent differences remain in acquisition geometry, surface condition, and environmental setting among the 370 

different scenarios. The data from different scenarios should therefore not be treated as equivalent observations acquired 

under fully identical conditions (Ruitenbeek et al., 2025). In addition, although the mineralogical and geochemical 

information provides reference within the dataset, it represents the analytical scale after sampling and sample preparation and 

should not be regarded as a pixel-scale ground truth at the sampling location. Natural samples are commonly heterogeneous, 

and the powders used for analyses are generally collected from a short core interval or a limited local area to obtain sufficient 375 

material. These data are therefore more appropriately used as reference information or constraints. 

5 Data availability 

The dataset described in this manuscript can be accessed at https://doi.org/10.5281/zenodo.19142250 (Zhang et al., 2026a). 

These hyperspectral data can be read using open-source tools such as EnMAP-Box (https://enmap-box.readthedocs.io), 

Spectral Python (https://www.spectralpython.net), and Rasterio (https://rasterio.readthedocs.io). 380 

6 Conclusions and outlook 

This study provides a multi-scenario proximal SWIR imaging hyperspectral dataset covering powder, drill core, hand 

specimen, and in-situ outcrop, together with associated mineralogical and geochemical reference information. Its main value 
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lies in establishing a multi-scenario and internally linked reference framework that couples hyperspectral observations with 

mineralogical and geochemical constraints across complementary geological sample forms and observation settings. As a 385 

substantial, traceable multi-scenario proximal observation dataset, it provides a data basis for training, validation, and 

coupling analysis in mineral mapping, spectral feature interpretation, cross-scenario generalization, and related model 

development. Moreover, the dataset is accompanied by metadata, quality-control files, and usage examples, while the raw 

data and reference information are retained to support further user-defined processing and reuse. In the future, the dataset 

may also be used together with other relevant datasets and support the connection between proximal observations and 390 

airborne or spaceborne hyperspectral observations. 
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