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Abstract

Raw hyperspectral imaging (HSI) data require multiple processing steps before physically meaningful reflectance products can
be derived. Quality issues at the radiance level – e.g., detector artifacts, low-signal regions, or excessive noise – can propagate
through the processing chain and compromise subsequent analyses. HSI workflows typically focus on calibration and correction
but often lack standardized integrity checks prior to atmospheric compensation. To address this gap, we developed an automated
Data Quality Assessment (DQA) toolbox within the EU Horizon m4mining project. The toolbox is integrated into INTACOR R©,
an automated processing pipeline for airborne hyperspectral imagery developed by ReSe Applications LLC, and provides quality
assessment of calibrated radiance data prior to subsequent processing. It identifies bad pixels and low-signal regions, derives
vegetation information, and estimates spatially resolved apparent signal-to-noise ratio (SNR) using spectral differencing and local
residual statistics, from which robust band-wise SNR statistics are derived. The toolbox produces spatially explicit quality layers and
an automated report to support rapid assessment of acquired data. Application to airborne hyperspectral mining data demonstrates
its ability to characterize spatial and spectral variations in data quality, providing a standardized radiance-level quality assessment
stage within an operational HSI processing chain.

1. Introduction

Hyperspectral imaging (HSI) has become an essential tool for
environmental monitoring, mineral exploration, and other Earth
observation applications (Balz, 2022, Hong et al., 2026). Raw
hyperspectral data must undergo several processing steps - in-
cluding radiometric calibration, geocoding, and atmospheric cor-
rection - before physically meaningful reflectance retrieval is
possible (Gao et al., 2009). However, quality issues at the radi-
ance level can propagate through the entire workflow and com-
promise the validity of derived products.

Despite the critical importance of early-stage data quality checks,
systematic and automated approaches remain underdeveloped.
Most existing HSI processors provide calibration and correction
but lack a standardized mechanism for assessing data integrity
and signal quality prior to atmospheric compensation.

To address this gap, we have developed an automated Data
Quality Assessment (DQA) toolbox as part of the m4mining
project (m4mining, 2023-2026). The toolbox is integrated into
INTACOR (ReSe Applications, 2026a), which was developed
by ReSe Applications as the successor to the near real-time
(NRT) processor described in (Trim and Schläpfer, 2024). With
INTACOR providing an automated processing chain for air-
borne hyperspectral imagery, including geometric and atmo-
spheric correction, the DQA toolbox fits in as a standardized
quality diagnostics at the calibrated-radiance stage. The DQA
generates a multi-layer ENVI file summarizing key quality met-
rics and a comprehensive PDF report with visualizations and
recommendations for the end-user. The system is modular and
designed to support field operations in mining environments,
where rapid data quality evaluation is essential.

This paper presents the DQA workflow, describes its key func-
tionality, and demonstrates its potential as a standardized qual-
ity control stage in operational HSI pipelines.

2. Data Quality Assessment Workflow

The DQA toolbox is implemented as a modular Python work-
flow consisting of preprocessing, quality metric extraction, visu-
alization, and reporting components. Figure 1 illustrates the
main processing chain. The workflow operates directly on cal-
ibrated radiance cubes and produces two main outputs:

• a multi-layer ENVI file containing pixel-wise quality met-
rics, and

• an automated PDF report with quality summaries, plots,
and recommendations.

The workflow follows these main steps: (1) identification of
bad pixels and low-signal regions, (2) apparent signal-to-noise
ratio (SNR) estimation, (3) export of representative quality lay-
ers, and (4) automated report generation. The modular structure
facilitates future extensions with additional quality metrics.

2.1 Bad pixel detection

Bad pixels, including saturated, zero-valued, NaN, and other
no-data pixels, are automatically detected and combined into a
single validity mask. Saturated pixels are identified relative to
the valid radiometric range of the input data, while zero-valued,
non-finite, negative, and metadata-defined no-data pixels are
detected directly from the radiance cube. The resulting mask
provides the end-user with an immediate spatial overview of
detector artifacts and data dropouts and is propagated through
subsequent DQA calculations so that invalid samples do not
contribute to derived quality statistics.

Identifying these pixels at the radiance level is important be-
cause invalid measurements may otherwise propagate through

The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLVIII-M-12-2026 
14th EARSeL Workshop on Imaging Spectroscopy, 2–4 June 2026, Helsinki, Finland

This contribution has been peer-reviewed. 
https://doi.org/10.5194/isprs-archives-XLVIII-M-12-2026-105-2026 | © Author(s) 2026. CC BY 4.0 License. 105



Automated HSI DQA workflow

NDVI calculation
(enables masking when

generating geological products)

Data

Process

Main Controller

Input radiance 
data cube

Preprocessing
(bad pixel & shadow mask)

SNR estimation
(based on high spectral correlation 

between adjacent bands)

ENVI layers
export

ENVI file 

DQA Results

+
     DQA report

Report
generator

Data and control flow

Quality metrics for 
report generation

Figure 1. Overview of the automated DQA workflow, from input radiance cube to ENVI layers and PDF report. Solid arrows indicate
the forward flow of data and module calls, while dotted arrows represent the feedback of metadata to the report generator for

compilation of quality metrics and recommendations.

geocoding, atmospheric correction, and subsequent mineral map-
ping. The bad-pixel layer is therefore retained as an explicit
DQA output rather than simply removing affected samples in-
ternally.

2.2 Low signal mask

Cast shadows and other low signal regions such as water pixels
are automatically identified using percentile thresholding ap-
plied to either a near-infrared band (targeting the 850-870 nm
wavelengths) for VNIR data (as shadows and low-signal areas
exhibit dramatically reduced reflectance in the near-infrared re-
gion while maintaining good contrast with illuminated surfaces),
or a band around 2100 nm wavelength for SWIR data. The 20th
percentile of valid (non-bad) pixel values in the selected band
serves as the threshold. A binary low signal mask is exported
as a separate layer and used internally to restrict SNR analysis
to areas with viable signal.

2.3 SNR layers

SNR is a critical metric for assessing the utility of hyperspec-
tral data. While SNR is typically characterized under laborat-
ory conditions (Woodward et al., 2009), image-based methods
provide an indication of data quality under real acquisition con-
ditions. On single images, SNR is often retrieved by comparing
the average band signal to spatial noise, retrieved from filtered

homogeneous image areas (Gao, 1993). Noise characterization
in hyperspectral imagery is complicated by the presence of mul-
tiple noise sources and their spectral and spatial characteristics
(Rasti et al., 2018).

In HSI imagery, the high band-to-band correlation of the un-
derlying spectral signal can instead be exploited to characterize
noise in the spectral domain.

Thus, the DQA toolbox estimates apparent SNR using spectral
differencing, exploiting the strong correlation of the underlying
signal between adjacent spectral bands.

For each spatial pixel p and spectral band i, a spectral residual
is calculated as:

di(p) = Li(p) −
Li−1(p) + Li+1(p)

2
,

where Li(p) is the measured radiance.

Assuming that the underlying spectrum varies smoothly across
the three bands, this operation suppresses the spectrally cor-
related signal while retaining high-frequency components, in-
cluding sensor noise. Applying the operation to all valid pixels
produces a difference image - or equivalently a spectral residual
image - for each band.
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Figure 2. Visualizations produced by the DQA toolbox, based on vertical/nadir view HSI VNIR data acquired by m4mining in Greece.
These images are included in the generated report and provide an overview of the regions of interest.

Considering only the noise contribution,

di = ni −
ni−1 + ni+1

2
,

where ni denotes the noise in band (i). Squaring gives

d2
i = n2

i +
1

4
n2
i−1 +

1

4
n2
i+1 +

1

2
ni−1ni+1 −nini−1 −nini+1.

Taking the expected valueE[·], and assuming independent, zero-
mean noise of approximately equal variance σ2 in the three
bands,

E[n2
i ] = E[n2

i−1] = E[n2
i+1] = σ2,

while the cross terms vanish,

E[nini−1] = E[nini+1] = E[ni−1ni+1] = 0

The residual variance is therefore

Var(di) = σ2 +
1

4
σ2 +

1

4
σ2 =

3

2
σ2

Thus, the apparent single-band noise standard deviation is es-
timated from the residual standard deviation as:

σ̂i =
σd,i√

3/2

To obtain spatially resolved apparent SNR, the residual stand-
ard deviation is estimated within a local spatial neighborhood
Ω(p). The local residual variance is

σ2
d,i,local(p) = EΩ(p)[d

2
i ] −

(
EΩ(p)[di]

)2
,

where EΩ(p)[·] denotes the local mean within the spatial neigh-
borhood centered on pixel p. The local residual standard devi-
ation is therefore

σd,i,local(p) =

√
EΩ(p)[d2

i ] −
(
EΩ(p)[di]

)2
.

Applying the
√

3/2 correction gives the spatially resolved ap-
parent SNR:

SNRi(p) =

√
3

2

(
Li(p)

σd,i,local(p)

)
.

Local moments are calculated using valid pixels only, and a
9 × 9 pixel neighborhood is used as a compromise between
statistical stability and spatial localization. Pixels identified as
low-signal are excluded from the SNR statistics used for DQA
assessment.

A representative band-wise apparent SNR is subsequently de-
rived from the spatial SNR estimates as the median across valid
pixels outside low-signal regions:

SNRi,band = medianp∈Vi [SNRi(p)] ,

where Vi denotes the set of valid, non-low-signal pixels in band
i. The 25th and 75th percentiles (P25 and P75) of the same spa-
tial SNR distribution are additionally calculated to characterize
within-scene variability. This provides a robust spectral sum-
mary derived from the same local estimator as the SNR maps,
without estimating a single residual variance across the entire
heterogeneous scene.
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Figure 3. Examples of band-wise apparent SNR as a function of wavelength for VNIR and SWIR data, as generated by the DQA
toolbox. The plotted SNR represents the median of the spatially resolved apparent-SNR estimates within each band, using valid pixels

outside low-signal regions. The 25th and 75th percentiles characterize the spatial variability of SNR within each wavelength.

In this way, apparent SNR is characterized at complementary
spatial and spectral scales: local SNR maps reveal spatial vari-
ations in data quality within individual bands (see Figure 2),
while their robust band-wise summaries characterize apparent
SNR as a function of wavelength. Representative SNR maps
are additionally exported for 10 selected wavelengths. These
bands are chosen according to sensor type (VNIR or SWIR) and
the needs of mining applications. For example, wavelengths
between 400–460 nm are relevant for jarosite detection, 600–
1100 nm for iron oxides, and 2100–2450 nm for other key min-
eral features.

Figure 3 shows examples of band-wise apparent SNR as a func-
tion of wavelength for VNIR and SWIR data. The median of
the spatially resolved apparent-SNR estimates is displayed for
each wavelength, with the 25th and 75th percentiles indicating
spatial variability within the assessed image regions.

As an additional consistency assessment, apparent SNR was in-
dependently evaluated for two spatial subsets representing pre-
dominantly bright and dark terrain within the same acquisition
(see Figure 4). The subsets were selected as fixed image regions
rather than by thresholding individual pixel radiance, allowing
the response of the estimator to different scene signal levels to
be examined while retaining the spatial and spectral variability
present within each region.

3. NDVI layer

To assist geologists in avoiding vegetation-contaminated pixels,
the workflow computes and exports an NDVI layer. This en-
ables masking or down-weighting of vegetated areas when gen-
erating geological products, ensuring that quality assessment is
tailored to the needs of mining surveys.

3.1 Geometric quality assessment

A complementary quality metric - concerning pixel geometry
after geocoding - can be assessed based on the image geometry
map (IGM) output from PARGE (ReSe Applications, 2026b).
It quantifies the relation between along- and across-track pixel
sampling distance (see Figure 5).

Further quantities for geometric quality assessment are about to
be included as standard outputs. These are the relative number
of non-geocoded pixels (e.g. due to lack of DSM information),
the relative accuracy of overlap regions, and the pixel smear of
non-stabilized imagery.

4. Outputs: ENVI Layers and PDF Report

The DQA toolbox produces a consolidated ENVI file with 13
layers:

• a bad pixel mask

• a shadow/low signal mask

• 10 SNR maps at representative wavelengths

• an NDVI layer

In addition, the toolbox generates a comprehensive PDF report
that summarizes the analysis. The report includes band-by-
band SNR curves, various visualizations such as for the shadow
mask and SNR and NDVI maps, and recommendations for fur-
ther processing or data re-acquisition if thresholds are not met.

Figure 6 shows example excerpts from the automated report.

5. Results and Discussion

The DQA toolbox provides a standardized and automated means
of assessing HSI radiance data prior to atmospheric correction.
By operating at the radiance level, it enables detector artifacts,
noise characteristics, and low-signal effects to be identified be-
fore they propagate into reflectance products. This capability
is particularly relevant for mining surveys, where re-acquisition
costs are high and rapid decision-making is required.

The implemented SNR approach uses a standard-deviation-based
estimate of residual variability to derive apparent SNR at local
spatial scales. Unlike a single scene-wide residual variance,
local estimation limits the influence of scene-wide radiomet-
ric heterogeneity. The resulting estimates nevertheless remain
image-based measures rather than laboratory-characterized sensor
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Figure 4. Consistency assessment of the apparent SNR estimator using spatial subsets representing predominantly bright and dark
terrain. Left: RGB representation of the assessed image showing the locations of the two spatial subsets. Right: VNIR and SWIR
band-wise apparent SNR for the dark subset, full assessed region, and bright subset. Band-wise values represent the median of the

locally estimated apparent SNR. Shaded intervals indicate the 25th–75th percentile range. The bright subset exhibits higher apparent
SNR than the dark subset across all evaluated bands.

Figure 5. Geometric quality check, with (from left to right):
SWIR image of quarry, across-track pixel size [0-0.2m],
along-track pixel size [0-0.2m], and relation across- to

along-track [0-3].

SNR and rely on locally smooth spectral behaviour and approx-
imately independent noise between adjacent bands. Genuine
spectral curvature and inter-band noise correlation may there-
fore influence the estimates. Band-wise apparent SNR is con-
sequently reported as the median of the local SNR distribution,
with its interquartile range characterizing spatial variability.

Higher apparent SNR was generally observed for the SWIR
data than for the VNIR data. This is qualitatively consistent
with the different detector and sampling characteristics of the
Mjolnir VS-620 channels, for which the SWIR sensor is spe-
cified with substantially higher peak SNR (Norsk Elektro Op-
tikk AS, 2026). However, the image-derived values should not
be directly compared with laboratory sensor specifications, as
they additionally depend on scene radiance, spectral structure,
and local spatial variability.

Regarding the consistency assessment, apparent SNR was con-
sistently higher in the bright spatial subset than in the dark
subset, with this relationship observed in all spectral bands for
both VNIR and SWIR data (Figure 4). The median bright-to-
dark SNR ratio across wavelengths was 1.48 for VNIR and 1.86
for SWIR. Despite the different absolute SNR levels, the sub-
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Figure 6. Example excerpts from the automated DQA PDF report. The report summarizes key quality metrics including SNR
statistics, bad pixel and shadow masks, and provides visualizations and recommendations derived from the metadata feedback of the

workflow.

sets retained coherent wavelength-dependent behaviour, sup-
porting the consistency of the image-based estimator across re-
gions with contrasting signal levels.

The DQA workflow is already integrated into INTACOR (ReSe
Applications, 2026a), the automated HSI processing pipeline
developed by ReSe Applications. This enables radiance-level
quality assessment to form part of the operational processing
chain rather than being performed as a separate pre-processing
step. The current DQA implementation has reached Techno-
logy Readiness Level (TRL) 5 through validation on relevant
mining data. Although currently validated using NEO’s HySpex
Mjolnir VS-620 (Norsk Elektro Optikk AS, 2026), the work-
flow is designed to be sensor-agnostic and adaptable to other
VNIR/SWIR imaging systems.

The modular architecture allows the scope of the DQA to be ex-
panded beyond its current emphasis on radiometric and signal-
related quality. Planned extensions include characterization of
spectral smile and spatial keystone, providing information on
spatial variation in wavelength calibration and spectral-spatial
misregistration, respectively (Yokoya et al., 2010). Further de-
velopment will include additional raw-data checks, geometric
and reflectance-level quality assessment, and support for addi-
tional sensors. Together, these developments will extend the
DQA toward a more comprehensive characterization of hyper-
spectral data quality.

6. Conclusion and Outlook

We have presented an automated DQA toolbox for HSI, first
developed within the m4mining project and now integrated into
the INTACOR automated HSI processing pipeline. The tool-
box provides bad-pixel detection, low-signal masking, NDVI
calculation, spatially resolved apparent-SNR estimation, robust
band-wise SNR statistics, and automated reporting. By operat-
ing directly on calibrated radiance data, its outputs allow users
to identify problematic spatial regions and spectral ranges be-
fore proceeding with geocoding and atmospheric correction.

The image-based SNR approach combines spectral differencing
with local residual statistics, enabling spatial SNR maps and
robust spectral summaries to be derived from a common estim-
ator. Although these estimates do not replace laboratory sensor
characterization, they provide an indication of signal quality un-
der actual acquisition and scene conditions.

Future work will focus on validation across additional sensors
and operational field campaigns beyond mining and on expand-
ing the range of quality metrics. Planned developments include
characterization of spectral smile and spatial keystone, geomet-
ric quality assessment, and extension of the DQA framework to
reflectance-level products. By standardizing early-stage qual-
ity assessment within an automated processing chain, the DQA
toolbox provides a foundation for more reliable downstream hy-
perspectral processing and analysis.
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