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In this paper, experimental results concerning the application of no-reference image quality metrics for automatic quality
assessment of reconstructed satellite light detection and ranging (LiDAR) data are discussed. Since satellite LiDARs
provide much sparser data compared to airborne systems and their sending to Earth requires additional compression, the
received data should be reconstructed. For this purpose, generative neural networks can be applied, including generative
diffusion models; however, they require the choice of appropriate parameters, and the reconstruction results should be
reliably assessed. Although the physical representation of data is related to the number of received photons, considering
the novel data representation based on hyper-height data cubes, it is possible to analyze individual percentiles, representing
canopy height models or digital terrain models, as grayscale images. Therefore, their quality may be evaluated using image
quality assessment metrics. Due to the lack of reference data, in the application considered, only no-reference metrics
may be efficiently applied, even though they have lower correlation with subjective quality perception compared to full-
reference metrics. Therefore, the idea of designing combined no-reference metrics optimized for the highest correlation
with subjective quality scores is discussed, along with the presentation of the obtained correlation results.

Keywords: satellite LiDARs, no-reference image quality metrics, LiDAR data reconstruction, compressive sensing, hyper-
height data cubes.

1. Introduction
1.1. Motivation. Spaceborne light detection and
ranging (LiDAR) instruments emit laser pulses to probe
the Earth’s surface and infer scene structure from the
time-of-flight of the backscattered signal. By converting
these returns into height profiles of terrain and surface
features—including forest canopies—spaceborne LiDAR
has become a foundational modality for quantitative
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remote sensing (Dubayah et al., 2020). Despite its
usefulness, LiDAR sensing from orbit entails constraints
that motivate complementary strategies. Satellite
platforms furnish global coverage but with coarser spatial
footprints and relatively sparse sampling; additionally,
the long atmospheric propagation path reduces the
signal-to-noise ratio (SNR). Airborne LiDAR, by
contrast, operates at lower altitudes and yields finer
spatial detail, yet it is intrinsically limited in areal
extent—typically only a few square kilometers per
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acquisition—thereby constraining efficiency and resource
utilization (Popescu et al., 2011).

To mitigate these limitations, artificial intelligence
(AI) techniques have emerged as promising tools for
enhancing and reconstructing compressed satellite LiDAR
products, with the potential to improve overall data
quality (Ramirez-Jaime et al., 2025b). Realizing this
potential, however, demands rigorous quality control and
systematic verification of results (Talebi and Milanfar,
2018). A central challenge is the frequent absence
of pristine reference data. Recorded LiDAR signals
arise from laser returns that traverse the atmosphere
and are therefore subject to scattering, attenuation,
and other environment-induced distortions (Weitkamp,
2005). Detector nonidealities introduce additional
noise and artifacts, including dark counts, afterpulsing,
shot noise, and read noise (Yang et al., 2023).
Subsequent digital processing—encompassing recovery
and reconstruction—can inadvertently amplify these
degradations.

1.2. Hyper-height data cubes. In this work, we
emphasize rasterized products derived from LiDAR
waveforms or point clouds, such as percentile-based
slices. These are commonly organized as hyper-height
data cubes (HHDCs) (Ramirez-Jaime et al., 2024), i.e.,
three-dimensional tensors with two spatial dimensions
(x, y) and a discretized height (bin) dimension, which
serve as a canonical data structure for downstream
analysis. Each percentile slice within an HHDC can
be interpreted as a grayscale image that captures a
distinct aspect of the underlying terrain structure (Fig. 1).
For example, the highest percentile (typically 98%,
to mitigate noise-related outliers without the need of
using more sophisticated methods (Kulczycki et al.,
2024)) in forested environments corresponds to the
canopy height model (CHM), which exhibits seasonal
variability due to changes in leaf coverage. The
median percentile (50%) is frequently employed for
biomass estimation, whereas the lowest percentile (often
2%, again to reduce measurement noise) represents the
digital terrain model (DTM), delineating the ground
topography. Image quality metrics offer a principled
route to evaluate these LiDAR-derived representations;
however, most established metrics are designed for optical
imagery, whose statistical, radiometric, and geometric
characteristics differ substantially from those of LiDAR
products. While such metrics are promising, their
suitability for LiDAR remains insufficiently validated,
complicating reliable adoption. For restoration and
reconstruction algorithms, fidelity assessment relative
to an original is often performed using full-reference
image quality assessment (FR-IQA) methods that quantify
perceptual changes (Wang et al., 2004). In practical
LiDAR scenarios, however, true references are often

unavailable, motivating the use of no-reference (or
“blind”) image quality assessment (NR-IQA) metrics that
operate without a benchmark (Mittal et al., 2012).

1.3. Verification of quality metrics. In optical
imaging—a comparatively mature field—standardized
validation relies on curated test databases in which
images are corrupted by controlled artifact types and
severities. These databases provide mean opinion scores
(MOSs) derived from extensive subjective experiments,
where aggregated expert and participant ratings constitute
ground truth for perceptual quality. Because human
vision is the primary consumer of image information,
this paradigm has strong practical value. Subsequent
analyses quantify the correlation between MOS and
objective metrics to assess alignment with visual
perception across distortion families. Numerous resources
support this ecosystem for optical systems, including
KADID-10k (Lin et al., 2019), PIPAL (Jinjin et al., 2020),
TID2013 (Ponomarenko et al., 2015), CSIQ (Larson
and Chandler, 2010), LIVE (Sheikh et al., 2006), and
SPAQ (Fang et al., 2020). To our knowledge, publicly
available counterparts tailored to LiDAR-derived products
remain limited, reflecting the field’s specialization and
narrower scope.

Advancing LiDAR processing and reconstruction
therefore depends on dedicated verification
methodologies. Specifically, this entails constructing
a bespoke test set of images with associated MOS
estimates, followed by the evaluation and selection of
appropriate objective quality metrics. Validated metrics,
in turn, enable objective and controlled development of
digital processing algorithms for remote sensing data,
particularly LiDAR. While FR-IQA metrics are valuable
when references exist, NR-IQA metrics offer distinct
advantages in LiDAR contexts: they can act as loss
functions during neural network-based reconstruction and
can support quality evaluation when reference HHDCs
are unavailable, which motivates the present focus on
NR-IQA verification.

1.4. Objective of the study. The primary objective of
this study is to assess the efficacy of NR-IQA metrics
for evaluating the reconstruction quality of compressed
satellite LiDAR data represented as HHDCs. In support of
this objective, we introduce a new database of test images
comprising selected percentile slices from HHDC tensors,
each accompanied by subjective quality assessments.
We then compute correlation coefficients between these
MOS values and a suite of objective NR-IQA metrics,
and we propose combined metrics to enhance overall
performance.

Operationally, satellite LiDAR data must be
downlinked to ground stations within limited visibility
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Fig. 1. HHDC-derived 2D products via percentile slicing.
Top: canopy height model computed per footprint as
CHM(i, j) = h98(i, j) − h2(i, j), where hp is the
p-th percentile of the within-footprint vertical return dis-
tribution from the hyper-height data cube. Middle: me-
dian elevation map h50(i, j), summarizing the central
tendency of the canopy/understory structure and often
used as a biomass proxy. Bottom: digital terrain model
estimated from the 2nd percentile h2(i, j), approximat-
ing the bare-Earth surface.

windows. The intrinsic sparsity of HHDCs, characterized
by many zero-valued entries, makes them amenable to
compressive sensing for efficient transmission. Accurate
post-downlink reconstruction, however, requires carefully
tuned algorithms and parameters. Assessing these
reconstructions necessitates appropriate quality metrics;
given the lack of reference data in real-time satellite
operations, such metrics must operate solely on the
reconstructed outputs. Consequently, for individual
percentile layers of the HHDC, no-reference image
quality assessment metrics are the most suitable choice.

1.5. Organization of the paper. The remainder of
the paper is organized as follows. Section 2 discusses
the super-resolution reconstruction of satellite LiDAR
data, with Section 3 providing a detailed treatment
of diffusion models for inverse problems. Section 4
presents the constructed dataset of collected images
and their subjective quality scores. Section 5 reviews
the NR-IQA metrics considered in this work, and
Section 6 introduces combined NR metrics and analyzes
the resulting experimental findings. Finally, Section 7
concludes the paper.

2. Super-resolution of satellite LiDARs via
diffusion models

Satellite-based LiDAR sensors are inherently constrained
in spatial resolution due to factors such as limited

photon flux and large beam footprints, which hinder
detailed environmental monitoring. To overcome these
limitations, super-resolution techniques aim to recover
a high-resolution histogram of height-distributed counts
tensor Xh ∈ R

ch×nh×mh from coarser low-resolution
observations Yl ∈ R

cl×nl×ml . This process addresses
an inherently ill-posed inverse problem, where numerous
high-resolution tensors could potentially produce the
same observed data.

We adopt a Bayesian approach to estimate Xh

by maximizing the posterior probability p(Xh | Yl)
(Ramirez-Jaime et al., 2025a). Using Bayes’ rule, this
posterior is expressed as

p(Xh | Yl) =
p(Yl | Xh) p(Xh)

p(Yl)
, (1)

where p(Yl | Xh) represents the likelihood of observing
the data given the high-resolution tensor and p(Xh)
encodes prior assumptions about the underlying structure.
Since the evidence p(Yl) is constant with respect to Xh,
the maximization simplifies to minimizing the negative
log-posterior:

X ∗
h = argmin

Xh

[− log p(Yl | Xh)− log p(Xh)] . (2)

In this formulation, the data fidelity term − log p(Yl |
Xh) measures the consistency between the reconstructed
Xh and the measurements Yl, mediated by the
forward operator A(·). This operator models the
compressive sensing process in LiDAR, encompassing
spatial downsampling through aggregation, subsampling
of photon events, and application of randomized
illumination patterns. Conversely, the regularization
term − log p(Xh) incorporates domain-specific priors
to promote plausible reconstructions, such as sparsity,
smoothness, or more sophisticated generative models that
capture complex statistical distributions in natural scenes.

This Bayesian setup provides a principled balance
between data adherence and prior-guided regularization,
enabling robust super-resolution even under noisy or
undersampled conditions. In subsequent sections,
we explore advanced generative priors, including
diffusion-based models, to further enhance the
expressiveness of p(Xh).

3. Diffusion models for inverse problems
Building on the Bayesian framework for super-resolution
introduced in Section 2, we now detail how diffusion
models address the ill-posed inverse problem of
recovering high-resolution LiDAR tensors Xh from
low-resolution measurements Yl. This approach
integrates learned data priors with physics-based
measurement likelihoods, bridging the gap between the
forward model (Section 2) and posterior estimation.
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Fig. 2. Diffusion generative model for estimating p(X ). The
forward process (top) uses an SDE to add noise to clean
data X (0), shown as cubes transitioning from structured
to noisy states. The reverse process (bottom), guided by
a probability flow ODE and a neural network-estimated
score, denoises X (T ) back to X (0).

3.1. Diffusion generative models. Diffusion models
learn to generate data by reversing a forward process
that incrementally perturbs clean signals (Fig. 2). Let
X ∈ R

c2×n2×m2 represent high-resolution HHDC
tensors. The forward diffusion process is governed
by a stochastic differential equation (SDE) dXt =
µ(Xt, t) dt + σ(t) dWt, where t ∈ [0, T ] is the time,
µ(·) and σ(·) are drift and diffusion coefficients, and Wt

is tensor-valued Brownian motion (Song et al., 2020).
The initial distribution p0(X ) corresponds to the clean
data distribution pdata(X ). As t increases, Xt becomes
progressively perturbed. A deterministic counterpart to
this process is described by the probability flow (PF)
ordinary differential equation (ODE):

dXt =
[
µ(Xt, t)− 1

2σ(t)
2∇Xt log pt(Xt)

]
dt, (3)

which shares the same marginal distributions pt(X )
as the SDE. Here, ∇Xt log pt(Xt) is the score
function—the gradient of the log-probability density
of the diffused data. For complex LiDAR data
distributions, this score is approximated via neural
networks trained using score matching. Following
Ho et al. (2020), we simplify the forward process
by setting µ(X , t) = − 1

2β(t)X and σ(t) =
√
β(t).

This yields a variance-preserving diffusion where
pt(X ) =

∫
pdata(X0)N (X ;

√
α(t)X0, (1 − α(t))I) dX0 ,

with α(t) = exp
(
− ∫ t

0
1
2β(s) ds

)
, and the PF ODE

reduces to dXt = − 1
2β(t) [Xt + ∇Xt log pt(Xt)] dt. The

score function ∇Xt log pt(Xt) is estimated by a neural
network s

(h)
φ (Xh,t, t) for high-resolution tensors.

3.2. Integrating measurement likelihoods. To solve
the super-resolution inverse problem, we extend the
PF ODE to incorporate the measurement likelihoods
derived in Section 2. From Eqn. (1), the posterior
estimation requires balancing the learned prior p(Xh)
with the likelihood p(Yl|Xh). Given the forward
model A(·), which includes spatial aggregation, photon

subsampling, and application of the random illumination
pattern Ψ, the likelihood p(Yl|Xh) enforces consistency
between the high-resolution tensor and the low-resolution
measurements. To integrate this into the diffusion
framework, we modify the PF ODE by adding a term that
accounts for the likelihood score ∇Xh,t

log p(Yl|Xh,t).
However, directly computing this score is challenging
due to the stochastic nature of the forward model.
Instead, we approximate it using the Kullback–Leibler
divergence between the measurements Yl and the
expected low-resolution tensor obtained from Xh,t

through the forward model (Ramirez-Jaime et al., 2025b).
Specifically, we use ∇Xh,t

DKL

(
Yl

∥∥G ∗ X̂h,t

)
, where

X̂h,t is the estimated high-resolution tensor at time t, G ∗
X̂h,t represents the spatially aggregated tensor, and Ψ�(·)
applies the illumination pattern. Thus, the augmented PF
ODE for high-resolution reconstruction becomes

dXh,t

dt
= −1

2
β(t)

[
Xh,t + s

(h)
φ (Xh,t, t)

+∇Xh,t
DKL

(
Yl

∥∥G ∗ X̂h,t

)]
.

(4)

Solving this ODE from t = T to t = 0 generates
a high-resolution tensor Xh that is consistent with both the
learned prior and the low-resolution measurements Yl.

4. SERC Subjective Quality LiDAR Image
Dataset

A reliable quality assessment of the reconstructed HHDCs
should be conducted using metrics that are as highly
correlated with subjective quality perception as possible.
Therefore, verification of available IQA approaches
requires the development of a dataset containing the
visualization of selected HHDC percentages in the
form of digital images, along with their corresponding
subjective quality scores. Such a database was created
using 57 data cubes, reconstructed with the algorithm
discussed in Section 2, intentionally selected to have
varying quality. These data cubes originated from the
raw data representing the Smithsonian Environmental
Research Center (SERC) located in Maryland, USA
(latitude 38.88° N, longitude 76.56° W), available on
the National Ecological Observatory Network (NEON)
website at https://data.neonscience.org/da
ta-products/DP1.30003.001.

Each of the 57 HHDCs was used as the source
of three grayscale and three additional pseudo-colored
192×192 pixel images, representing canopy height
models (98th percentile), middle percentages (50%), and
digital terrain models (2nd percentile). Pseudo-colored
images are typically used for terrain and forest
visualization purposes; therefore, they were included in
the dataset. Sample reconstructed grayscale images, along

https://data.neonscience.org/data-products/DP1.30003.001
https://data.neonscience.org/data-products/DP1.30003.001
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with their corresponding MOS values, are presented in
Fig. 3. As can be seen, the MOS value is between 1 and 2
for the image pair shown in Fig. 3(a), where both images
are extremely dissimilar, whilst the MOS is between 4 and
5 (close to maximal potential value) for the image pair
presented in Fig. 3(d), for which images are very similar
and only minor distortions can be noticed.

All images were subject to perceptual quality
assessment by several independent volunteer observers
from three countries (USA, Ukraine, and Poland), who
assessed them by observing the pairs of reconstructed
images and their reference “ground-truth” equivalents,
using a 5-point scale (from 1: terrible to 5: the
excellent). Considering the geographical distribution of
volunteers, as well as various lighting and hardware
conditions, all subjective experiments were preceded by
the demonstration part, where some sample images along
with their proposed quality scores were shown. All pairs
of images were presented in a random order after a survey
form, which contained relevant data related to lighting and
display parameters (brightness, resolution, screen type,
etc.), filled out by observers. Finally, at least 40 results
were obtained for each image.

The volunteers assessing the quality of images
were mainly ICT and IT students familiar with
image processing. They were trained during the
above-mentioned demonstration by being shown some
examples of various quality images along with the
corresponding subjective quality scores, which were
agreed upon by a few experts who also participated in the
subjective experiments.

After collecting the responses, using the designed
software, their analysis was made to identify potential
anomalous results, and those suggesting significantly
differing visual differences compared to the others for the
same image, or obtained after too long a response time
(more than 10 seconds), were removed. Finally, between
40 and 50 scores were obtained for each pseudo-colored
image from 54 original results submitted by volunteer
observers, whereas 34 results were obtained for each of
grayscale images.

The most relevant properties of the developed SERC
Subjective Quality LiDAR Image Dataset are summarized
in Table 1.

The assessment procedure was conducted
independently for grayscale and pseudo-colored
images. Pearson’s correlations between the obtained
mean opinion scores for grayscale and pseudo-colored
images for individual percentiles are presented in
Fig. 4. The overall correlation calculated for all 171
pairs of images representing all three percentiles is
0.9816. As may be observed, for two representations
of the percentiles, correlations exceed 0.97, whereas the
correlations of MOS values between different percentiles
are significantly lower (shown as darker bars).

(a)

(b)

(c)

(d)

Fig. 3. Sample pairs of reconstructed grayscale images (left)
and their reference equivalents (right) from SERC Sub-
jective Quality LiDAR Image Dataset: sample no. 24
(DTM), MOS = 1.677 (a), sample no. 37 (DTM), MOS
= 3.135 (b), sample no. 41 (50th percentile), MOS =
2.710 (c), sample no. 53 (CHM), MOS = 4.333 (d).

The whole dataset is publicly available online at https
://doi.org/10.34808/zsv5-hn48 as well as on
the website of the corresponding author at https://ok
arma.zut.edu.pl/?id=dataset.

https://doi.org/10.34808/zsv5-hn48
https://doi.org/10.34808/zsv5-hn48
https://okarma.zut.edu.pl/?id=dataset
https://okarma.zut.edu.pl/?id=dataset


424 K. Okarma et al.

Table 1. Selected properties of SERC Subjective Quality
LiDAR Image Dataset.

HHDC percentiles 2nd, 50th, 98th
Image size in pixels 192 × 192
Number of image pairs 342

- pseudo-colored 171
- grayscale 171

Number of subsets (percentiles) 6
- pseudo-colored 3
- grayscale 3

Number of images in each subset 57
Number of scores per image

- pseudo-colored 40–50
- grayscale 34

MOS range 1–5

Fig. 4. PLCC values between the grayscale and pseudo-colored
images representing individual percentiles.

5. No-reference image quality metrics for
HHDC profiles

5.1. General assumptions. In contrast to general-pur-
pose full-reference IQA metrics, “blind” methods are
usually less universal and their correlation with subjective
quality scores is significantly lower, and it is strongly
dependent on the dataset. A similar situation occurs
for more specialized datasets, including remote sensing
images (Ieremeiev et al., 2020; Rubel et al., 2022),
even though deep neural networks may be used for this
purpose, assuming that the prior training of NR metrics
should still be considered a “blind” IQA approach. Since
NR-IQA metrics may be used without access to reference
images, such models should predict the presence and

amount of various types of image distortions. Therefore,
their application to other image types may not always lead
to satisfactory results.

To verify the usefulness of no-reference metrics
for quality assessment of reconstructed HHDCs, several
dozen such metrics have been calculated for the
whole SERC Subjective Quality LiDAR Image Dataset,
presented in Section 4. Many mainstream metrics,
both FR and NR, are available in the PyTorch Toolbox
for Image Quality Assessment (PyIQA) (Chen and Mo,
2022), although for some of the no-reference metrics their
MATLAB® implementations have also been used. Since
more detailed descriptions of most metrics, along with
appropriate references to the original papers, are available,
e.g., in the PyIQA documentation, further discussion will
focus on the most relevant NR-IQA metrics, especially
those demonstrated to be effective in the context of the
application considered.

5.2. Overview of selected NR metrics. One of
the most widely known “blind” IQA metrics is Natural
Image Quality Evaluator (NIQE), based on the analysis
of deviations from statistical regularities typical for
natural images (Mittal et al., 2013). The use of
spatial-domain natural scene statistics (NSS) eliminates
the need for model training; however, this metric is
primarily applicable to quality assessment of photographs
and other natural images. The NIQE index utilizes
36 NSS features from square patches, which are fitted
to the multivariate Gaussian model (MVG) and further
compared to the natural MVG one. The final NIQE
value is computed as the distance between both models.
Since various models may be applied, along with
different representations of image data, available Python
implementations of the metric slightly differ from the
original MATLAB® code and produce different results.

Other popular no-reference IQA metrics
include Perception-based Image Quality Evalu-
ator (PIQE) (Venkatanath et al., 2015) and
Blind/Referenceless Image Spatial Quality Evaluator
(BRISQUE) (Mittal et al., 2012). Both metrics are
designed for natural images and are characterized by
low computational complexity. While the PIQE metric
relies on analyzing distortions within image blocks,
BRISQUE utilizes hand-crafted natural scene statistics
(NSS) data, similarly to the NIQE metric. On the other
hand, NRQM (Ma et al., 2017) utilizes the pyramid
representation for global and local feature extraction;
however, this metric was developed primarily for quality
assessment of super-resolution images. The features
considered include global and local frequency variations
as well as spatial discontinuity, which are the inputs for
the final two-stage regression model.

Recently proposed novel NR-IQA metrics employ
more sophisticated approaches, including deep neural
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networks trained using available databases, such as
PIPAL (Jinjin et al., 2020), LIVE-FB Large-Scale
Social Picture Quality Database (FLIVE) (Ying et al.,
2020), containing nearly 40,000 real-world images,
or LIVE Challenge (CLIVE) (Ghadiyaram and Bovik,
2016). One example of such metrics, known
as MANIQA—Multi-dimension Attention Network for
No-Reference Image Quality Assessment (Yang et al.,
2022), was developed mainly for the assessment of
images with distortions typical for generative adversarial
networks (GANs). This approach is based on the use of
four blocks, namely, Vision Transformer (ViT) for feature
extraction, two blocks used as attention mechanisms
(transposed attention block and scale swin transformer
block), and the patch-weighting block utilizing a dual
branch structure, employed for the calculation of the
final quality score. It is worth noting that the MANIQA
metric was ranked first during the NTIRE 2022 NR-IQA
Challenge.

An earlier multi-scale NR metric based on neural
networks is MUSIQ (Multi-scale Image Quality
Transformer) (Ke et al., 2021), which was developed
to eliminate the need for resizing and cropping input
images to meet neural network requirements. Since
these operations may affect image quality, the use of
a multi-scale image representation is justified.

Another example of AI-based “blind” metrics is
ARNIQA (Learning Distortion Manifold for Image
Quality Assessment) Agnolucci et al. (2024), which
belongs to the group of self-supervised approaches. The
assessed images are initially degraded with the use
of a large variety of randomly selected degradation
patterns, and then the model is trained to maximize the
similarity between different patches of equally distorted
images, independently of the image contents, followed
by a linear regression. The novelty of this approach
lies in the analysis of the distortion manifold, where
representations of images containing similar distortions
are located close to each other in the manifold space even
if these images are visually significantly different. Finally,
their representations in the distortion manifold space are
mapped to quality scores using a simple linear regression.

A simple network for quality prediction from both
aesthetic and technical points of view was proposed
by Talebi and Milanfar (2018), who developed the
Neural Image Assessment (NIMA) metric utilizing the
image classifier network with its last layer replaced by
a fully-connected layer. Although this model, based
on the VGG16 network pre-trained on ImageNet, was
further trained using the AVA (Aesthetic Visual Analysis)
dataset (Murray et al., 2012), containing more than
255,000 images, its applicability for IQA purposes,
considering technical quality, was also verified. In the
original paper, not only the VGG16 architecture was
employed, but additional experiments were also provided

Table 2. Summary of the discussed NR-IQA metrics in chrono-
logical order.
BLUR Crete et al., 2007
BRISQUE Mittal et al., 2012
NIQE Mittal et al., 2013
PIQE Venkatanath et al., 2015
NRQM Ma et al., 2017
NIMA Talebi and Milanfar, 2018
MUSIQ Ke et al., 2021
MANIQA Yang et al., 2022
CLIP-IQA Wang et al., 2023
ARNIQA Agnolucci et al., 2024

using Inception-v2 and MobileNet.
A different approach, known as Contrastive

Language–Image Pre-training (CLIP), was proposed as
the result of the combination of text and image analysis
for model training (Wang et al., 2023). The CLIP-IQA
metric utilizes the cosine similarity between the provided
images and pre-defined prompts describing the image
quality. The additional extension of the metric based
on the use of context optimization (Zhou et al., 2022),
along with the application of standard backpropagation
for updating the prompts, led to the CLIP-IQA+ metric,
characterized by a better ability to generalize across
various distortions and datasets.

Although certain modern NR-IQA metrics are
not well-suited for specific types of images due to
their intended application domains, the availability of
Python reimplementations of many FR-IQA and NR-IQA
metrics, along with their modifications, in the PyTorch
Toolbox for Image Quality Assessment (PyIQA) (Chen
and Mo, 2022) enabled the testing of all available “blind”
metrics in the conducted experiments. Only those that
consistently produced incorrect results were excluded
from further analysis. An example of a metric available
in the toolbox considered that cannot be applied to our
task is DSL-FIQA (Chen et al., 2024), which is intended
for no-reference facial image quality assessment.

5.3. Experimental results. The dynamic progress
in the development of new metrics and increasing
availability of modern graphics processing units (GPUs)
have led to a growing interest in multi-scale IQA
approaches. Unfortunately, these methods are often
troublesome or even impossible to apply in the domain
considered. Some other metrics could not be used due
to the required minimal image size, GPU acceleration, or
time constraints, whereas some others produced incorrect
results. Therefore, some of the available metrics that
could not be used were omitted. Finally, a set of 62
metrics was used in the experiments. For each metric,
the Pearson linear correlation coefficient (PLCC) between
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Fig. 5. Scatter plot obtained for the elementary metric demon-
strating the highest correlation with MOS values.

Table 3. PLCC and SROCC values calculated between the ten
“best” elementary NR metrics and subjective MOS val-
ues for 171 grayscale images representing three HHDC
percentiles.

Metric PLCC SROCC
BLUR 0.3410 0.3239
ARNIQA (CSIQ) 0.3351 0.2618
ARNIQA (LIVE) 0.3238 0.2830
ARNIQA (FLIVE) 0.2928 0.2266
ARNIQA (KADID) 0.2923 0.2805
MUSIQ (SPAQ) −0.2708 −0.2632
NIQE (PyIQA-M) −0.2539 −0.2496
NRQM 0.2493 0.2286
ARNIQA (CLIVE) 0.2399 0.1808
NIMA (SPAQ) −0.2313 −0.1867

its values and subjective scores (MOS) was calculated,
representing the accuracy of the quality prediction using a
given metric. Similarly, Spearman rank order correlation
coefficient (SROCC) values, which reflect the prediction
monotonicity, were calculated. We aim to employ NR
metrics that exhibit high absolute values of the PLCC or,
at the very least, large absolute SROCC values.

The values obtained for the “best” NR metrics,
further referred to as elementary, are presented in Table 3.
Since the highest correlation was obtained for the BLUR
metric (Crete et al., 2007), a scatter plot, illustrating
the weak correlation between its values and the MOS,
is presented in Fig. 5 for all 171 grayscale images
(representing three percentages) used in the experiments.

Analyzing the results obtained for the elementary
NR metrics, it can be noted that some of them have
positive correlation values, whereas the others have
negative PLCC and SROCC values, which depend on
the interpretation of the metric’s values (the higher the
better versus the lower the better). Nevertheless, the
absolute values of correlations lower than 0.35 indicate

no direct relation between the objective metrics and MOS
values. Therefore, the highest PLCC value was achieved
by a relatively simple BLUR metric, designed exclusively
for blurry images, based on the comparison of variations
and differences of the image and its blurred version in
horizontal and vertical directions.

6. Combined metrics and discussion of
experimental results

6.1. Methodology of the experiments. Since the
correlation of elementary NR metrics with MOS values
is very low, and the metrics considered are specialized,
their application for the objective evaluation of the
reconstructed HHDC profiles requires the use of more
than a single elementary metric. An efficient method for
the combination of elementary metrics is the employment
of metrics with differing properties, also for remote
sensing images, as shown by Ieremeiev et al. (2020) and
Rubel et al. (2022), which allows complementing each
other’s strengths and weaknesses.

The combined metrics, investigated in the paper, are
defined as

CMN =

N∑
n=1

(
an ·Qbn

n

)
+ aN+1 ·

N∏
n=1

Qcn
n , (5)

where CMN stands for the combined metric with
optimized weights an, bn, cn, and aN+1. The metric
is constructed from N elementary metrics, and values of
the n-th elementary metric are denoted as Qn. A similar
approach has also been successfully applied, e.g., for
binary images (Okarma and Kopytek, 2023) as well as
full-reference metrics (Ieremeiev et al., 2025). The
optimization is made by maximizing the absolute value
of the PLCC between MOS values and the combined
metric CMN . For this purpose, the part of the dataset
containing 171 grayscale images (57 images for each
of three percentiles considered) was used, applying the
MATLAB® fminsearch function, along with popular
gradient-based optimization methods.

6.2. Results and discussion. The combination of
two elementary metrics, obtained after the optimization
of weighting parameters in Eqn. (5), denoted as CM2,
contains two various implementations of the NIQE metric.
One of them is delivered in MATLAB® (version R2025a),
whereas the other is available in the PyIQA toolbox.
It is worth noting that the “best” combination of two
metrics is not that of two elementary ones with the highest
PLCC values, as their individual correlations with MOS
values are only −0.1591 and −0.2539, respectively. The
optimized combination of three metrics (CM3) is built by
adding the MANIQA metric trained on the PIPAL dataset.
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Fig. 6. Scatter plot obtained for the normalized combined met-
ric constructed from two elementary metrics.

Fig. 7. Scatter plot obtained for the normalized combined met-
ric constructed from three elementary metrics.

The combined metrics obtained for the combinations
of more elementary metrics (N > 3) were also obtained
for the metrics used in the CMN−1 metric with an
additional one, since the other combinations led to lower
correlations with MOS values. The additional metrics
include ARNIQA (trained on CLIVE) for CM4, ARNIQA
(trained on FLIVE) for CM5, and CLIP-IQA+ (trained
on ResNet model RN50 512) for CM6. The obtained
correlation values for the “best” combined metrics are
presented in Table 4, whereas the respective scatter plots
are illustrated in Figs. 6–10.

Additionally, to illustrate the generalization abilities
of the proposed approach, the average results obtained
using a random train-test split are presented in Table 5.
These PLCC and SROCC values were calculated
assuming typical random splits of the dataset into 80%
training and 20% testing parts. Then, the optimization
of parameters of the combined metrics was performed
to maximize the absolute PLCC for the training subset,

Fig. 8. Scatter plot obtained for the normalized combined met-
ric constructed from four elementary metrics.

Fig. 9. Scatter plot obtained for the normalized combined met-
ric constructed from five elementary metrics.

and the additional correlation values were calculated for
the “unseen” testing images. All presented results show
average values obtained from 100 independent executions
of the random splitting and optimization procedure.

These results additionally confirmed the advantages
of using combined metrics, as they are much better
than those possible to obtain using elementary metrics
alone. The average results achieved for 100 independent
executions, obtained for a smaller number of elementary
metrics used in the combination, are even slightly higher
than those for the entire dataset. This effect may be
observed particularly using simpler models for relatively
small testing subsets. When more elementary metrics
are added, an increase in the PLCC and SROCC values
may be observed for the training subset with a “flattening
effect” for the testing subset (no further improvement is
observed when adding more elementary metrics). This
phenomenon is caused by the fact that our task involves
maximizing the correlation with subjective scores for
a dataset of a relatively small size.
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Fig. 10. Scatter plot obtained for the normalized combined met-
ric constructed from six elementary metrics.

6.3. Verification for pseudo-colored images. The
additional verification of the obtained results was
performed using pseudo-colored images representing the
same reconstructed HHDCs which volunteer observers
independently assessed. As presented in Fig. 4, the
obtained MOS results are highly correlated with those
received for grayscale images; however, the additional
analysis was conducted for each of the three percentiles.
All PLCC and SROCC values were calculated using
the same weighting coefficients in Eqn. (5), obtained
as the results of their optimization for 171 grayscale
images. The resulting correlations with MOS values
are presented in Tables 6 and 7. In general, all
respective correlations obtained for individual percentages
and consecutive combined metrics for grayscale and
pseudo-colored images are similar. An interesting
observation is related to the relatively poor correlation
of the CM2 metric with MOS values for DTMs (2nd
percentage) and significantly higher values for CHMs
(98th percentage). For the metrics combined from more
elementary ones, this difference is smaller, and the PLCC
and SROCC values observed for DTMs are even higher
than for the 50th percentile. Nevertheless, their highest
values are always observed for the CHMs; therefore, their
influence on the perceived quality seems to be essential.
This observation may be particularly relevant for further
research related to the use of various IQA metrics within
loss functions during the reconstruction process.

6.4. Ablation study. Although the combination
of elementary metrics according to Eqn. (5) yields
significantly better results than those obtained for
elementary metrics, an additional verification of the
necessity of all parameters may be conducted. Therefore,
two simplified models were analyzed that utilized
exclusively the weighted sum or only the weighted

Table 4. PLCC and SROCC values calculated between the com-
bined NR metrics and subjective MOS values for
171 grayscale images representing three HHDC per-
centiles.

Number of elementary metrics PLCC SROCC
2 (CM2) 0.5793 0.5807
3 (CM3) −0.6861 −0.6832
4 (CM4) −0.7217 −0.7158
5 (CM5) −0.7448 −0.7389
6 (CM6) −0.7659 −0.7663

Table 5. Average PLCC and SROCC values calculated for train-
ing (80%) and testing (20%) subsets randomly selected
from 171 grayscale images: mean values for 100 inde-
pendent executions.

Combined Training subsets Testing subsets
metric PLCC SROCC PLCC SROCC
CM2 0.6179 0.6273 0.6664 0.6875
CM3 −0.7116 −0.7095 −0.7333 −0.7365
CM4 −0.7362 −0.7350 −0.7355 −0.7427
CM5 −0.7595 −0.7574 −0.7332 −0.7340
CM6 −0.7736 −0.7750 −0.7253 −0.7422

Table 6. PLCC values calculated between the combined NR
metrics and MOS values for individual HHDC per-
centiles.

Grayscale images
Percentile 2nd 50th 98th All

CM2 0.3531 0.5568 0.7126 0.5793
CM3 −0.6211 −0.6214 −0.7812 −0.6861
CM4 −0.7057 −0.6264 −0.8032 −0.7217
CM5 −0.7602 −0.6695 −0.7785 −0.7448
CM6 −0.7531 −0.7063 −0.8300 −0.7659

Pseudo-colored images
Percentile 2nd 50th 98th All

CM2 0.3727 0.5811 0.7147 0.5967
CM3 −0.6178 −0.6106 −0.7790 −0.6840
CM4 −0.7063 −0.6217 −0.8105 −0.7241
CM5 −0.7540 −0.6554 −0.7959 −0.7463
CM6 −0.7451 −0.6843 −0.8438 −0.7617

product (without the unnecessary parameter aN+1). As
can be observed, the obtained correlation coefficients
for the weighted sum are significantly better than those
achieved for the weighted product, partly due to the
higher number of weighting coefficients that are subject to
optimization. The optimization procedure was conducted
again for each of the simplified models, applying the same
sets of elementary metrics. Nevertheless, the obtained
correlations are noticeably worse than those presented
in Table 4, hence the usefulness of the full model (5)
is considered confirmed. In particular, it is possible
to achieve higher correlations with MOS values using



Combined no-reference metrics for quality assessment of reconstructed satellite . . . 429

Table 7. SROCC values calculated between the combined NR
metrics and MOS values for individual HHDC per-
centiles.

Grayscale images
Percentile 2nd 50th 98th All

CM2 0.3828 0.5406 0.7403 0.5807
CM3 −0.6370 −0.6010 −0.8058 −0.6832
CM4 −0.6779 −0.6050 −0.8148 −0.7158
CM5 −0.7807 −0.6536 −0.7839 −0.7389
CM6 −0.7679 −0.6812 −0.8452 −0.7663

Pseudo-colored images
Percentile 2nd 50th 98th All

CM2 0.3855 0.5567 0.7514 0.5958
CM3 −0.6222 −0.5883 −0.8050 −0.6862
CM4 −0.6826 −0.6001 −0.8172 −0.7188
CM5 −0.7707 −0.6347 −0.7999 −0.7427
CM6 −0.7578 −0.6534 −0.8559 −0.7648

Table 8. PLCC and SROCC values calculated between the sim-
plified combined NR metrics and subjective MOS val-
ues for 171 grayscale images from SERC Subjective
Quality LiDAR Image Dataset.

Metric PLCC SROCC
CM2p (weighted product) −0.4436 −0.4533
CM2s (weighted sum) 0.5653 0.5732
CM3p (weighted product) −0.4437 −0.4521
CM3s (weighted sum) 0.5660 0.5744
CM4p (weighted product) 0.4901 0.5130
CM4s (weighted sum) 0.6234 0.6389
CM5p (weighted product) 0.5322 0.5223
CM5s (weighted sum) 0.6374 0.6453
CM6p (weighted product) 0.5543 0.5555
CM6s (weighted sum) 0.6550 0.6725

the full model based on only three elementary metrics
(CM3) than with any of the simplified models (only the
weighted sum or only the weighted product), even when
employing six elementary metrics (CM6p and CM6s). It
is also worth noting that the computational complexity
of the full model is not significantly higher compared
to the simplified models, as the longest calculation time
is related to the calculations of elementary metrics, and
their combination requires only several multiplications
and additions; therefore, it is much faster. To decrease the
calculation time, it is also possible to compute elementary
metrics in parallel.

7. Concluding remarks
The proposed application of combined no-reference
image quality metrics for assessing the reconstructed
satellite LiDAR data, which represent forest
environments, ensures a significantly increased
correlation with perceived quality of the reconstructed

images, particularly illustrating canopy height models.
Due to the optimization of the parameters of the weighted
sum and weighted product, even the use of three metrics
makes it possible to achieve correlations with MOS
values exceeding 0.7, and a combination of six metrics
leads to the PLCC and SROCC values over 0.76.

The verification of the suitability of the NR-IQA
metrics for the application considered and presented in the
paper was possible thanks to the development of a novel
dataset containing reconstructed HHDCs with reference
data, as well as their mean opinion scores, collected from
volunteer observers from three countries.

Since the application of the NR metrics is possible
even without access to the reference data, they may
be particularly useful for the assessment of the data
reconstruction results for compressive sensing methods.
Such techniques are used due to the necessity of fast data
transmission during satellite flight over a specified area,
when the transmission time is limited.

Another important application of such NR-IQA
metrics may be related to the prediction of classification
accuracy of satellite images (Wang et al., 2020) as well as
in similar tasks when reconstructed LiDAR data may be
used as the input.

Regardless of these applications, combined NR-IQA
metrics may also be useful within the loss function
employed in the data reconstruction process with the
diffusion-based approach. Another interesting possibility
for further extension of the whole reconstruction process
may be related to the use of epistemic fuzzy data
analysis methods (Grzegorzewski and Romaniuk, 2022).
Nevertheless, these directions of research may be explored
as part of our further work.
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