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Abstract

Hyperspectral remote sensing offers exceptional spectral detail for identifying minerals, but its relatively coarse spatial resolution
often limits its use in geological studies. The PRISMA satellite provides 30 m hyperspectral (VNIR-SWIR) data together with a 5 m
panchromatic band, creating the possibility of enhancing spatial detail through image fusion. In this study, we applied two
established pansharpening methods—Gram—Schmidt (GS) and Principal Component Analysis (PCA)—to PRISMA data from the
Kuh-e-Janja porphyry copper deposit in southeastern Iran. Pre-processing included atmospheric correction, removal of water vapor—
affected bands, and Minimum Noise Fraction (MNF) transformation. The hyperspectral cube was then fused with the 5 m PAN band
to produce sharpened datasets at 5 m ground sampling distance (GSD). Visual inspection showed that both approaches improved
spatial clarity, allowing finer recognition of lithological boundaries, alteration halos, drill sites, roads, and structural features that
were not easily visible in the native 30 m imagery. Among the two, GS produced sharper edges and maintained more accurate
mineralogical color signatures compared with PCA. Quantitative evaluation across 163 bands supported this result, with GS
outperforming PCA in all statistical measures, including SAM, RMSE, ERGAS, CC, UIQI, and PSNR. The generation of 5 m
hyperspectral datasets demonstrates the value of combining rich spectral information with fine-scale spatial detail. Such fused
imagery provides reliable input for advanced classification techniques (e.g., SAM, SVM, OBIA) and offers a practical framework for
mineral exploration, particularly in arid and structurally complex terrains where subtle geological variations are critical to detection.

1. Introduction

Porphyry copper deposits (PCDs) are epigenetic, intrusion-
related orebodies characterized by large tonnage and relatively
low grades, and they are commonly exploited through bulk
(mass) mining methods. They represent the world’s principal
source of Cu and Mo and also provide an important contribution
to global Au resources (Sillitoe, 2010). Porphyry mineralization
is closely associated with hydrothermal alteration minerals and
zones, which serve as important indicators for exploring such
mineral deposits (Cannell et al., 2005). The alteration
architecture of porphyry systems commonly comprises potassic,
phyllic, and propylitic assemblages, and is frequently overlain
by a lithocap characterized by residual silica and advanced
argillic alteration (Sillitoe, 2010). These alteration halos may
extend several kilometers both laterally and vertically, and their
extent is strongly controlled by the size and style of
mineralization, the composition of ore-forming fluids, the
structural framework, the physical properties of the host rocks,
and, most importantly, the degree of erosion (Cooke et al.,
2014). In particular, multispectral and hyperspectral images
allow the recognition of hydrothermal alteration minerals
characterized by their unique spectral absorption and emission
features in the visible and near-infrared (VNIR), shortwave
infrared (SWIR), and thermal infrared (TIR) (Mars and Rowan
2006, Pour et al., 2025). Hyperspectral (HS) remote sensing
images have the extraordinary ability to simultaneously capture
visual images and spectral details of objects of interest. These
images contain multiple narrow spectral bands in the visible
near-infrared (VNIR) to shortwave infrared (SWIR) (Ghamisi et
al., 2017; Bedini, 2017; Peyghambari and Zhang, 2021). The
broad spectral information represented by hyperspectral data
enables the differentiation of different alteration minerals
(Eismann et al., 2009; Loizzo et al., 2018).

The Italian Space Agency’s PRISMA satellite (PRecursore
IperSpettrale della Missione Applicativa) (Loizzo et al., 2019),
launched in 2019, is the first spaceborne hyperspectral mission
with co-registered panchromatic imaging. Its imaging

spectrometer records ~239-250 bands between 400-2500 nm
(VNIR and SWIR), with <12 nm spectral resolution. PRISMA’s
hyperspectral sensor operates in push broom mode with a 30 km
swath, yielding a ground sampling distance (GSD) of about
30 m. Crucially, PRISMA carries a parallel high-resolution
panchromatic (broadband) camera with 5 m GSD, perfectly co-
aligned with the hyperspectral field of view (Loizzo et al., 2018;
Loizzo et al., 2016). This dual-sensor design provides the
spectral sensitivity of hyperspectral imaging along with fine-
scale spatial details from the panchromatic band. Such a
combination is ideal for geological applications: the
hyperspectral bands can discriminate mineralogy, while the
PAN band enhances the spatial definition of geological features.
However, the raw 30 m hyperspectral data may miss small
alteration zones or detailed lithological contacts that are key in
porphyry systems. One of the primary limitations of the
PRISMA sensor, as is the case with most spaceborne
hyperspectral imaging systems, is its relatively coarse spatial
resolution. With a ground sampling distance of 30meters,
subtle mineralogical heterogeneities and narrow hydrothermal
alteration features may be spatially averaged or entirely missed.
This limitation in spatial detail significantly constrains the
sensor's effectiveness for high-resolution geological mapping
and the accurate delineation of complex structural patterns.
Pansharpening and image fusion are among the most widely
used and effective strategies for improving the spatial resolution
of hyperspectral (HS) imagery (Dian et al., 2021; Vivone, 2023;
Wang et al., 2021). In HS-PAN pansharpening, the spatial
detail contained in a high-resolution, single-band panchromatic
(PAN) image is integrated with the hyperspectral data to
enhance its geometric quality while preserving spectral
information. For this reason, spaceborne HS sensors such as
PRISMA are typically designed to acquire a synchronous high-
resolution PAN band alongside the HS cube. Pansharpening
methods were the first to be applied, relying on the established
use of this technique to improve the spatial resolution of MS
images (Vivone et al., 2021). However, because of the
substantial mismatch between the spectral range of
panchromatic (PAN) bands and the broader hyperspectral (HS)
spectrum, HS-PAN pansharpening often introduces both
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spectral and spatial distortions (Brezini and Deville, 2023;
Dian et al., 2018).

In this study, we employ both Gram—Schmidt spectral
sharpening (GS) and Principal Component Analysis (PCA)
approaches to pansharpen PRISMA hyperspectral imagery over
the Kuh e Janja porphyry copper deposit in southeastern Iran.
The Gram-Schmidt method orthogonalizes the hyperspectral
bands and substitutes the first component with the high
resolution PAN data, effectively injecting fine spatial structure
into all spectral channels. This technique — and its adaptive
variants — is a well established pan sharpening method in the
remote sensing literature (Laben and Brower, 2000) . In
contrast, the PCA method transforms the correlated
hyperspectral bands into uncorrelated principal components,
replacing the first component (PC1), which often resembles the
PAN image, with the high resolution PAN band before applying
the inverse PCA transform. Both methods are well established
in the remote sensing literature and have been adapted for
hyperspectral fusion (Pohl and Genderen, 1998). By generating
a PRISMA hyperspectral dataset at 5 m GSD, we aim to
leverage the sensor’s rich spectral information for lithological
discrimination while attaining the spatial acuity needed to
resolve alteration patterns in the deposit. The resulting high
resolution hyperspectral imagery should enable more precise
mapping of hydrothermal alteration minerals and rock types in
the Kuh e Janja deposit, demonstrating the value of integrated
spectral—spatial data for mineral exploration.

2. Study Area

The Kuh-e Janja porphyry deposit is located ~60 km southeast
of Nehbandan in southeastern Iran, within the northern segment
of the Sistan Suture Zone (SSZ). The SSZ is a major tectonic
boundary along the Iran—Afghanistan—Pakistan border and
represents the Cretaceous suture between the Afghan and Lut
blocks, developed during eastward to northeastward subduction
of the Sistan Ocean beneath the Afghan block (Camp and
Griffis, 1982; Tirrul et al.,, 1983; Saccani et al., 2010). The
deposit lies in the northeastern part of the Zahedan—Nehbandan
Magmatic Belt (ZNMB), a northwest-trending Oligocene—
Miocene igneous belt extending for ~200 km. Kuh-e Janja
forms part of a cluster of porphyry—epithermal systems within
the ZNMB, and its intrusive rocks have been dated at 16.5 = 2.0
Ma (Fig. la). The regional geology comprises two main
lithologic units: the intrusive hornblende—plagioclase porphyry
unit of Early Miocene age, and the volcanic sedimentary
pyroclastic Sefidabeh Formation, dated to the Late Cretaceous—
Paleocene. The ip unit, hosting the mineralization, is
characterized by porphyritic diorite to quartz diorite intrusions
and associated basic dykes. A well-developed hornfels aureole
occurs within the surrounding flysch sediments adjacent to the
porphyry stocks. The Kps unit is composed of alternating
volcanic debris-flow deposits, pyroclastic rocks, mudstone, and
locally interbedded limestone. The deposit is hosted by
deformed flysch sequences of the Sefidabeh forearc basin,
which include shale, sandstone, microconglomerate, and
limestone. Intrusive activity at Kuh-e Janja occurred in three
main stages, consisting of an early mineralized quartz diorite,
followed by post-mineral hornblende diorite and later diorite—
gabbro dykes trending E-W and NE-SW. The upper part of the
stock has been partially eroded and is locally covered by
Quaternary alluvial terrace deposits. Extensive hornfels and
skarn alteration zones occur along the intrusive contacts, with
widths exceeding 400 meters. Mineralization at Kuh-e Janja is
typical of porphyry Cu—-Mo systems, characterized by
stockwork veining and disseminated sulfides (mainly
chalcopyrite and molybdenite) hosted in diorite to quartz
diorite and hornfelsed flysch. A

secondary skarn zone developed in the flysch below the
southern margin of the porphyry body (below 200 m elevation).
Additionally, polymetallic Au—-Ag—Cu-Pb—Zn mineralization
occurs in discrete veins (0.1-3 m thick, 100-150 m long) along
NO75° and N110° orientations within the surrounding flysch
(Elyaspour, 2010; Soleymani et al., 2024). Hydrothermal
alteration is well zoned. Early potassic alteration is dominant
within the porphyry stocks, marked by K feldspar, shreddy
biotite, and anhydrite, replacing magmatic biotite and
hornblende. This is overprinted by sericitic alteration, with
sericite replacing plagioclase. Argillic alteration is localized
along fractures due to oxidation of sulfides, while propylitic
alteration affects the outer flysch, identified by epidote, chlorite,
pyrite, and calcite assemblages. Supergene oxidation has
strongly overprinted both the porphyry and polymetallic zones.
Chalcopyrite is commonly replaced by chalcocite and covellite,
and secondary minerals such as malachite, azurite, cerussite,
and iron oxides are present. This oxidation has led to a vertical
zonation typical of mature porphyry systems (Fig 1b)
(Elyaspour, 2010; Soleymani et al., 2024).
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Figure 1. (a) The study area's position in the northern region of
the SSZ geological map, along with the simplified outcrop
pattern of the Zahedan-Nehbandan magmatic belt (Boomeri et
al., 2020; Camp and Griffis, 1982; Tirrul et al., 1983), (b)
Simplified geological map of Kuh-e-Janja Porphyry Cu-Au
district (modified from Parsolang, 2017).

3. Materials and Methods
3.1 Remote sensing data used

PRISMA acquires hyperspectral imagery in the VNIR-SWIR
range using 239 spectral bands, comprising 66 bands in the
VNIR and 173 bands in the SWIR. The sensor provides a
spectral resolution of ~10 nm and a spatial resolution of 30 m.
The sensor provides a scene coverage of 30 km x 30 km.
Additionally, panchromatic images are available with a higher
spatial resolution of 5 meters (Loizzo et al., 2018). For the
present investigation, a Level 2D PRISMA dataset
(PRS\ L2D\ STD\ 20220314065031\ 20220314065035\ 0001
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), acquired on 14 March 2022 and covering the Kuh-e-Janja
areca, was downloaded from the ASI  eoPortal
(https://prisma.asi.it). The cloud coverage in this dataset was
recorded at 1.04%.

3.2 Methodology

Figure 2 shows a schematic diagram of the methodology used in
this study. Pre-processing of PRISMA hyperspectral data is
essential for accurate surface reflectance and effective analysis.
Key steps include removing bad bands affected by water vapor
absorption (specifically 913-979 nm, 1078-1185 nm, 1317-
1491 nm, and 1775-2044 nm) and correcting spectral
distortions like the spectral smile, which shifts central
wavelengths across the image (Ceamanos and Doute, 2010).
Minimum Noise Fraction (MNF) transformation is applied to
reduce image noise, address the smile effect, and determine data
dimensionality (Boardman et al., 1995; Green et al., 1988).
Subsequently, VNIR and SWIR bands are merged. Finally,
atmospheric correction is conducted using the IJARR (Internal
Average Relative Reflectance) method.
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Figure 2. The methodological flowchart utilized in this study.

3.3 Gram-Schmidt (GS) Fusion Method

The Gram-Schmidt (GS) pan-sharpening method stands as a
well-established approach for improving the spatial detail of
multispectral  imagery  while preserving its  spectral
characteristics (Laben and Brower, 2000). This technique
merges high-resolution panchromatic (PAN) imagery with
lower-resolution multispectral data, optimizing image clarity
and minimizing chromatic distortion. The process begins by
simulating a PAN band through the averaging of the
multispectral bands, which is then used in a forward Gram-
Schmidt transformation. The

actual high-resolution PAN band is substituted for the first band
in the transformation sequence. Subsequently, an inverse
transformation is applied to generate pan-sharpened
multispectral bands. The method ensures both spectral and
spatial fidelity and has been shown to outperform other pan-
sharpening techniques.

3.4 Principal Component Analysis (PCA)

PCA is a simple and widely used image fusion technique that
transforms correlated multispectral (MS) bands into a set of
uncorrelated components (PC1, PC2, ..., PCn). The first
principal component (PC1), which often resembles the
panchromatic (PAN) image, is replaced with the high-resolution
PAN band, and the inverse PCA transform is applied to
reconstruct the fused image. Similar to the IHS approach, PCA
effectively injects spatial details from the PAN band, but it
often causes spectral distortion as the dominant spatial
information may overwhelm the original spectral
characteristics. This issue is sensitive to the selected area and
the differences between PC1 and the PAN image; however,
adjusting the PAN grey values to match PC1 before replacement
can significantly reduce color distortion (Pohl and Genderen,
1998).

In the present study, both the GS and PCA approaches were
applied using PRISMA’s 5 m resolution panchromatic (PAN)
band to enhance the spatial resolution of the 30 m VNIR and
SWIR hyperspectral bands. These fusion techniques increased
the spatial detail of the hyperspectral data to 5 m while aiming
to preserve their original spectral characteristics. Following the
fusion process, the resulting images were georeferenced using
ground control points (GCPs) to improve positional accuracy,
which is essential for generating reliable geological maps and
for the precise delineation of alteration and lithological features.

3.5 False Color Composites (FCC)

Adding color to images enhances visual perception and deeper
conceptual understanding of the content (Pour et al., 2018). It
involves the fusion of three monochromatic spectral bands to
generate a composite image that effectively represents surface
characteristics (Jun et al., 2008). Typically, digital images use
the primary colors red, green, and blue (RGB), each
corresponding to specific segments of the electromagnetic
spectrum (Di Tommaso et al., 2007). Individually, these bands
appear in black and white, but their integration yields a color
image that reflects the combined spectral properties. In
multispectral imaging, RGB combinations are used to visualize
mineral indices, with each mineral displaying unique color
signatures based on peak reflectance values (Crosta and Moore,
1989; Hajibapir et al., 2014). By understanding the spectral
behavior of surface materials across various wavelengths,
appropriate bands can be selected and combined to enhance
lithological differentiation and improve diagnostic interpretation
of remote sensing data.

3.6  Statistical and Visual Evaluation Methods

Qualitative evaluation, through visual interpretation, involves
the observer subjectively assessing the fusion result based on
overall and local effects perceived visually. Due to its quick and
straightforward benefits, this method has become essential in
determining the quality of remote sensing fusion images. In
addition to qualitative (visual) evaluation, a quantitative
assessment was carried out to objectively evaluate the
performance of the fusion methods. For this purpose, six
commonly used statistical indices were applied: Spectral Angle
Mapper (SAM) for evaluating spectral distortion (Yuhas et al.,
1992) , ERGAS as a global indicator of synthesis error (Wald et
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al.,, 1997), Mean RMSE to measure radiometric differences
(Zoran., 2009), Mean CC to assess correlation with the
reference data (Sarp., 2014), Mean UIQI to quantify overall
image quality, and Mean PSNR to evaluate the signal to noise
ratio (Zoran. 2009). Together, these metrics provided a
comprehensive framework for assessing both spectral fidelity
and spatial enhancement of the fused PRISMA imagery.

4. RESULTS & DISCUSSION

Figure 3 demonstrates the improvement in spatial resolution for
PRISMA hyperspectral images, from an original 30-meter scale
to a refined 5-meter scale. Panel (a) shows the false-color
composite (RGB = 87/123/140) at 30 m, selected to emphasize
diagnostic absorption-reflection wavelengths for hydrothermal
minerals. In this composite, pink to dark-pink hues highlight
muscovite—illite (phyllic alteration), light-pink to orange hues
depict alunite—kaolinite (argillic alteration), dark-green to
bluish-green tones correspond to chlorite— epidote—silica
(propylitic alteration and hornfels units), and light-green to
yellowish-green hues represent chlorite—epidote— calcite
(propylitic alteration and skarn units). Figure(b) presents the
co-registered panchromatic band (5 m). Figures (c¢) and (d)
display the fused hyperspectral products at 5 m obtained by the
GS and PCA methods, respectively. Together, these panels
document the transition from the native 30 m HSI to sharpened
5 m imagery while retaining mineralogical contrast in the
composite. Figure 4 compares spatial detail between the original
30 m image (a) and the 5 m fused images produced by GS (b)
and PCA (c), with subsets (d—f) provided for direct, local-scale
assessment. The native 30 m PRISMA image lacks the spatial
acuity needed for deposit-scale interpretation, limiting the
ability to discriminate rock units, alteration halos, edges, linear
structures, drill collar locations, and roads. In contrast, the 5 m
products reveal these features more clearly, with GS offering
crisper edges and better preservation of the composite’s
colorimetric mineral signatures.

In geologically complex terrains like southeastern Iran,
lithological units and alteration zones can vary significantly
over short distances. Higher spatial resolution helps in
distinguishing between similar but distinct units and also the
separation of phyllic and argillic alteration zones. This reduces
the 'mixed pixel' problem commonly seen in low-resolution
hyperspectral data and leads to more accurate lithological
classifications and alteration zones.

The quantitative assessment of the pansharpened PRISMA data
using the Gram-Schmidt (GS) and Principal Component
Analysis (PCA) algorithms highlights distinct differences in
performance between the two approaches (Table 1).

Metric GS PCA
SAM (deg) 0.490137309 0.590684712
ERGAS 0.714941114 0.743777522
Mean RMSE 0.041268335 0.042734757
Mean CC 0.881511223 0.874356382
Mean UIQI 0.880387202 0.87309524
Mean PSNR 31.43465188 31.15774441

Table 1. Quantitative evaluation of GS and PCA pansharpening
methods applied to PRISMA hyperspectral data

Figure 3. Conversion of PRISMA imagery from 30 m to 5 m
spatial resolution using pansharpening algorithms. (a) The
original PRISMA image at 30 m resolution; (b) The
panchromatic band at 5 m resolution; (c) The fused PRISMA
image at 5 m resolution via the GS method; and (d) The fused
image at 5 m resolution using the PCA method.

Across all evaluation metrics, the GS method consistently
outperformed PCA, albeit with varying degrees of
improvement. First, the Spectral Angle Mapper (SAM) values
demonstrate that GS is more effective in preserving the spectral
integrity of hyperspectral signatures (0.49° for GS vs. 0.59° for
PCA). This difference, though seemingly small, is critical in
geological applications where the accurate retention of subtle
spectral features directly influences the detection of alteration
minerals and lithological boundaries. Similarly, the ERGAS and
RMSE values confirm the superior accuracy of GS. Both
indicators show lower error magnitudes for GS (ERGAS =0.71;
RMSE = 0.041) compared to PCA (ERGAS = 0.74; RMSE =
0.043). These results indicate that GS produces fused images
that are not only spectrally reliable but also closer in radiometric
fidelity to the original hyperspectral data. The Correlation
Coefficient (CC) and Universal Image Quality Index (UIQI)
provide further evidence of the robustness of GS. Higher values
for GS (CC = 0.88; UIQI = 0.88) compared to PCA (CC = 0.87;
UIQI = 0.87) suggest that GS preserves structural and spatial
information more effectively, ensuring a better match with the
reference hyperspectral cube. Overall, the comparative analysis
demonstrates that the GS method provides a more balanced
integration of spatial enhancement and spectral fidelity than
PCA. While PCA offers computational simplicity and
efficiency, it introduces greater distortion to spectral
information, making it less suitable for applications requiring
high spectral precision. For mineral mapping and hydrothermal
alteration studies using PRISMA data, GS emerges as the more
reliable technique, particularly due to its superior preservation
of diagnostic spectral features.
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Figure 4. (a) Original PRISMA image with 30 m spatial
resolution; (b) Fused PRISMA image at 5 m resolution via
the Gram-Schmidt (GS) method.; (c) Fused PRISMA image at
5 m resolution using the PCA method; (d) Subset of the
original image highlighting spatial details; (e) Subset of the
GS-fused image showing enhanced spatial detail; and (f)
Subset of the PCA-fused image showing enhanced spatial
detail.

5. Conclusions

This research enhanced the spatial resolution of PRISMA
hyperspectral imagery from 30 meters to 5 meters for the Kuh-e-
Janja porphyry copper deposit in southeastern Iran by
applying two pansharpening methods: Gram-Schmidt (GS) and
Principal Component Analysis (PCA). The fused 5 m imagery
not only preserved the spectral characteristics associated with
alteration minerals but also revealed spatial details—including
lithological boundaries, veins, roads, drill-hole locations, and
structural features—with significantly improved clarity. Such
enhancement is essential for local-scale analysis and geological
interpretation in complex terrains. Quantitative evaluation
across all 163 bands demonstrated that GS consistently
outperformed PCA in every statistical metric. Within the
framework of the present dataset and methodology, GS thus
emerges as the preferred approach for enhancing the spatial
resolution of PRISMA hyperspectral cubes. By achieving an
optimal balance between spatial detail and spectral fidelity, the
GS method provides a more reliable input for advanced
classification algorithms (e.g., SAM, SVM, OBIA), particularly
in arid and structurally complex regions such as southeastern
Iran, where lithological variations and hydrothermal alteration
occur over short distances. By leveraging techniques like Gram-
Schmidt pan-sharpening, geoscientists can unlock the full
potential of hyperspectral datasets for mineral exploration and
geological mapping.
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