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Panchromatic (Pan) sharpening, or pansharpening, refers to the 
combination of a multispectral (MS) image and Pan 

data with a finer spatial resolution. Since the early days 
of this research topic, the issue of quality assessment has 
played a central role in the related literature, pushing in-
vestigators toward extensive research. The solution to this 
problem is nontrivial because of its ill-posed nature. In-
deed, no reference image is available to compare with the 
outcome of the fusion process. 

In this work, we first present a thorough review of the 
main full-resolution (FR) quality protocols proposed in 
the literature. Then, we deeply analyze the commonly 
used quality indexes, which share some features with the 
quality with no reference (QNR) protocol. The pros and 
the cons of these protocols are described to support future 
research developments. Some updates to the presented 
quality measures are proposed to overcome some clear 
drawbacks.

The study was conducted on three different data sets 
captured by three different sensors (GeoEye-1, IKONOS, and 
WorldView-3), characterized by different spatial resolution 
ratios, numbers of spectral bands, and acquired landscapes 
(e.g., urban and rural areas). The adopted benchmark con-
sists of a publicly available collection of 30 state-of-the-art 
pansharpening methods. The implementations with the 

related updates of the investigated FR quality protocols are 
made freely available to the scientific community.

PANSHARPENING METHODS 
MS pansharpening refers to the fusion of a Pan image and 
an MS image acquired over the same area, simultaneously 
in most cases, but not necessarily [1]. This specific instance 
of image fusion aims at producing an MS product with the 
same spatial resolution of the Pan image and the same spec-
tral content of the original MS image. 

Given its multidisciplinary nature, pansharpening has 
captured the attention of the scientific community since its 
early stage, which dates back to the mid 1980s. After more 
than 30 years of intense research activity, tremendous devel-
opments have been achieved, spanning from first-generation 
methods, such as the Brovey transform (BT) [2] and principal 
component analysis (PCA) [3], to second-generation meth-
ods, such as band-dependent spatial details (BDSD) [4] and 
generalized Laplacian pyramids with modulation transfer 
function-matched filters (MTF-GLP) [5]. Finally, recent third-
generation methods have been proposed, such as those based 
on convolutional neural networks (CNNs) [6]. Even though a 
plethora of pansharpening algorithms are currently available, 
all can be clustered into four main categories [7]: component 
substitution (CS), multiresolution analysis (MRA), variation-
al-optimization based (VO), and machine learning (ML).

The CS and MRA methods constitute the classical ap-
proach to address the pansharpening problem. The main 
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difference between these two classes lies in the employed 
strategy for the extraction of the spatial details from the 
Pan image to be subsequently injected into the MS bands, 
which were previously interpolated at the Pan scale.

Methods belonging to the CS category define the so-
called spectral modality, which is characterized by a spec-
tral transformation that is capable of mapping the input MS 
bands into a different domain where it is easy to separate 
the spectral and spatial components. Before applying the 
backward transformation into the original space, the syn-
thesized intensity component, i.e., the first component of 
the transformation, is replaced with a histogram-matched 
version of the Pan image. This process can be simplified 
when the spectral transformation is linear. A unique com-
ponent can be substituted [8], and the classical pansharp-
ening operation—the addition of spatial details into the MS 
image—is finally applied. Such spatial details are obtained 
as the difference between the Pan and the intensity compo-
nent and injected into the interpolated MS bands by means 
of proper injection models, either error based or contrast 
based [9], whose coefficients can be computed in a spatially 
variant or invariant manner [10], [11]. Examples of meth-
ods belonging to this family are intensity–hue–saturation 
(IHS) [12], Gram–Schmidt (GS) spectral sharpening [13], 
and its adaptive version (GSA) [14].

The spatial modality is, instead, constituted by MRA 
methods that adopt multiscale decomposition techniques, 
either linear or nonlinear, for the extraction of the high-
spatial-frequency components of the Pan image. Examples 
of MRA methods are smoothing filter intensity modulation 
[15], the “à-trous” wavelet [16], and those based on the GLP 
framework. As for CS methods, different solutions for the 
injection model and the computation of injection coeffi-
cients are possible [17]. Moreover, nonlinear decomposi-
tion schemes, such as those based on half-gradient mor-
phological filters [18], have been investigated to provide 
state-of-the-art performance.

The VO category includes advanced signal processing 
techniques applied to the pansharpening problem, such as 
superresolution, blind deconvolution, and image restoration. 
VO-based methods recast the image fusion problem into 
an optimization task derived from an observational model, 
which relates to either the imaging process or the image repre-
sentation and whose solution represents the high-resolution 
MS image. Variational approaches, such as [19], try to solve 
the optimization problem once the objective function is de-
fined. This function is typically composed of a fidelity term, 
which describes the relationship between the fused image 
and the observed data, and a regularization term, which aims 
to support the optimization and includes prior information 
on either the imaging process (e.g., the point spread function) 
or the image representation (e.g., the sparsity). 

On the other hand, pansharpening methods based 
on the Bayesian paradigm try to recover the unknown 
high-resolution MS image starting from an observational 
model and relying on the statistical assumptions between 

the MS and Pan images. To reduce the mathematical com-
plexity, several strategies and assumptions have been pro-
posed [20], although they sometimes hinder the quality of 
the pansharpened product. Methods based on compressed 
sensing, such as [21], belong to the VO category, too. The 
rationale is to assume that the unknown pansharpened 
image can be characterized by a sparse model, or, equiv-
alently, as the linear combination of a few elements of a 
dictionary. The strategy for building the dictionary strongly 
differentiates the methods in this subcategory, leading, in 
some cases, to state-of-the-art performance [22].

The tidal wave of ML has also reached remote sensing, 
where the specific requirements of satellite image analysis 
demand careful extra considerations in the design stage of 
these powerful techniques [23]. Specific to the field of pan-
sharpening, CNNs have demonstrated high performance 
thanks to their ability to deal with data nonlinearities, thus 
overcoming the traditional tradeoff between spatial and 
spectral quality. As confirmed by the extensive number of 
publications in the scientific literature, the development 
of pansharpening methods based on ML represents a hot 
topic, and many solutions, often outperforming state-of-
the-art methods, are available, spanning from the seminal 
works of Huang et al. [24] and Masi et al. [25] to more recent 
solutions, such as [26]–[33]. For an in-depth analysis about 
ML pansharpening, interested readers can refer to [7].

CONTRIBUTION
To date, the QNR protocol [34] is the most widespread FR 
assessment protocol for pansharpening [see Figure 1(a)]. 
Several variations of the QNR protocol, henceforth termed 
QNR-like, have been proposed over the years [35]–[37]. 
QNR-like protocols are exploited in the 93% of the pan-
sharpening articles where an FR assessment is considered 
[see Figure 2(b)]. Thus, this article is mainly focused on the 
analysis of these protocols.

After a thorough review of the protocols and quality 
indexes adopted to assess the performance of pansharpen-
ing algorithms at FR, we go deep into the details of these 
QNR-like protocols. The mathematical formulations are 
presented, and the peculiarities of each protocol are point-
ed out. Moreover, these protocols are critically analyzed 
to highlight their weaknesses. In particular, the proper 
formulation of the spectral distortion index of the QNR 
is deeply investigated. Furthermore, the QNR also shows 
a spatial distortion index that is not decoupled from the 
spectral distortion index, often including a spectral distor-
tion measurement in the spatial index. This latter feature 
is also shared by a variation of the QNR called hybrid QNR 
(HQNR) [36], which also adopts the same formulation of 
the QNR for its spatial distortion index. 

In contrast, Khan’s protocol [35], hereafter referred as 
filter-based QNR (FQNR), overcomes this problem by pro-
posing the use of high-pass filtered images to evaluate the 
spatial distortion. However, this index relies upon perfect 
knowledge of the spatial responses of both Pan and MS 
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images, which could be hard to obtain in practical cases. 
Moreover, the use of differences of universal image quality 
index (UIQI) values for measuring similarities among im-
age details can build spatial distortion maps with values lo-
cally greater than one, thus generating issues when we want 
to combine them with the spectral distortion index (which 
is instead bounded to one). 

Finally, regression-based QNR (RQNR) [37] proposes 
a different spatial distortion index diverging from Wald’s 

synthesis property. The advantage is a more robust and ac-
curate protocol because of the presence of a reference im-
age (represented by the original Pan image) for the spatial 
distortion evaluation task. However, this is paid by the use 
of an index that is far from a combination of UIQIs, thus 
making it harder to combine with the spectral distortion 
index to form the RQNR. Finally, the general problem of 
the combination of the two spatiospectral distortion in-
dexes is also addressed in this work. Instead of using fixed 
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FIGURE 1. The results of the bibliographic research on the topic of pansharpening, conducted on IEEE Xplore from 2015 to 2020, including 
the three following IEEE Geoscience and Remote Sensing Society (GRSS) journals: IEEE Transactions on Geoscience and Remote Sensing 
(TGRS), IEEE Journal of Selected Topics in Earth Observations and Remote Sensing (JSTARS), and IEEE Geoscience and Remote Sensing 
Letters (GRSL). (a) The relative percentages of publications using QNR-like protocols. (b) The citations of the QNR-like protocols from the 
Scopus database. See Table 1 for a summary of QNR-like indexes. FQNR: filter-based quality with no reference; HQNR: hybrid quality with 
no reference; RQNR: regression-based quality with no reference.
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FIGURE 2. The results of the bibliographic research on the topic of pansharpening, conducted on IEEE Xplore from 2015 to 2020, including 
the three following IEEE GRSS journals: TGRS, JSTARS, and GRSL. (a) The percentage of publications using the reduced resolution (RR) and 
FR assessments. (b) The percentage of articles using QNR-like protocols. (Only publications including the FR assessment are considered.)
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coefficients (usually equal to one), we have investigated 
and tested new solutions based on parameter-estimation 
techniques.

Solutions to some analyzed problems are also proposed 
in this article, thus providing updated versions of the qual-
ity indexes belonging to the QNR-like family of protocols. 
Their implementations in MATLAB will be freely distrib-
uted to the scientific community.

A broad analysis was conducted on three different data 
sets captured by three different sensors (GeoEye-1, IKO-
NOS, and WorldView-3), characterized by different spatial 
resolution ratios, numbers of spectral bands, and acquired 
landscapes (e.g., urban and rural areas). Experiments at 
both reduced resolution (RR) and FR are presented to sup-
port the theoretical analysis of the QNR-like protocols and 
to assess their performance, providing a wide qualitative 
analysis. To this aim, a benchmark consisting of a publicly 
available collection of 30 state-of-the-art pansharpening 
methods has been exploited. Interesting features of Khan’s 
protocol and the spatial distortion index of the RQNR are 
discussed and supported by the experimental analysis, 
thus suggesting the use of these complementary quality 
assessment measures to provide a full and consistent as-
sessment at FR.

In summary, the contributions of this article are as follows:
 ◗ A thorough review of the protocols and quality indexes 

adopted to assess the performance of pansharpening 
algorithms at FR is provided. The mathematical for-
mulations are presented, and the peculiarities of each 
protocol are pointed out. Moreover, these protocols are 
critically analyzed to highlight their weaknesses.

 ◗ The general problem of the combination of the two spa-
tiospectral distortion indexes is addressed. Instead of 
using fixed coefficients (usually equal to one), we have 
investigated and tested new solutions based on parame-
ter-estimation techniques.

 ◗ Solutions to some analyzed problems are proposed, 
thus providing updated versions of the quality indexes 
belonging to the QNR-like family of protocols. Their 
implementations in MATLAB will be freely distributed 
to the scientific community.

 ◗ A broad analysis is conducted on three different data 
sets captured by three different sensors (GeoEye-1, IKO-
NOS, and WorldView-3), characterized by different spa-
tial resolution ratios, numbers of spectral bands, and 
acquired landscapes (e.g., urban and rural areas). Ex-
periments both at RR and at FR are presented to support 
the theoretical analysis of the QNR-like protocols and 
to assess their performance, providing a wide qualita-
tive analysis.

NOTATION AND ORGANIZATION
The notation used in the remainder of the article is as 
follows. Vectors are indicated in bold lowercase (e.g., x) 
with the kth element indicated as xk. The 2D and 3D ar-
rays are expressed in bold uppercase (e.g., X). An MS im-
age X X , ,k k N1= f= m

" ,  is a 3D array composed of Nm  bands 
indexed by the subscript , , ;k N1 f= m  accordingly, Xk  in-
dicates the kth band of X. Table 2 lists the main symbols 
together with brief descriptions and an indication of the 
size. The other symbols are defined throughout the article 
as needed. 

TABLE 1. A SUMMARY OF QNR-LIKE PROTOCOLS.

PROTOCOLS FORMULATION PROS/CONS 

QNR [34] Spectral Dm  (4) Pros
• Pioneering work on the topic of FR quality assessment

Cons
• Flawed assumption in the computation of the spectral distortion index
• Coupling effect between spatial and spectral distortion indexes

Spatial Ds  (5) 

Overall QNR ( ) ( )D D1 1 s$= - -m
a b  (6)

Filter-based QNR  
(FQNR) [35] 

Spectral DF
m  (7) Pros

• Consistency of Wald’s protocol as a measure of spectral fidelity
• Separation of the low-pass and high-pass components in the computation  

of the spatial distortion index
• Accurate index as measured at RR

Cons
• Sensitive to the specific set of spatial degradation filters
• Spatial distortion index not necessarily upper-bounded to one

Spatial Ds
F  (8) 

Overall FQNR ( ) ( )D D1 1F
s
F$= - -m

a b  (9)

Hybrid QNR  
(HQNR) [36]

Spectral DF
m  (7) Pros

• Consistency of Wald’s protocol as a measure of spectral fidelity

Cons
• Coupling effect between spatial and spectral distortion indexes

Spatial Ds  (5)

Overall QNR ( ) ( )D DH 1 1F
s$= - -m

a b  (10)

Regression-based  
QNR (RQNR) [37]

Spectral DF
m  (7) Pros

• Consistency of Wald’s protocol as a measure of spectral fidelity
• Consistency with the Pan image as a measure of spatial fidelity
• Local maps of the spatial distortion index useful for visual assessment

Cons
• Problematic combination of the spatial and spectral quality indexes
• Multivariate linear model not always accurate

Spatial Ds
R  (15) 

Overall RQNR ( ) ( )D D1 1F
s
R$= - -m

a b  (16)
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REVIEW OF PANSHARPENING  
QUALITY ASSESSMENT
The quality assessment of pansharpening deals with the 
challenging problem of quantifying the quality of a pan-
sharpened image. One of the major issues that makes the 
quality evaluation of pansharpening a complex task is to 
define what the term quality means, either spatially or spec-
trally, and quantify it in a measurable fashion. An ideal 
pansharpening algorithm accepts two data sets as an in-
put, the Pan and the MS bands, and produces a third data 
set, the sharpened MS image, without introducing any 
distortions, neither spatial nor spectral. Spatial distortion 
includes any alteration, or improper injection into the MS 
bands, of the spatial details extracted from the Pan image, 
the source of the spatial information, while spectral distor-
tion deals with the degradation of the spectral information 
in the fused image with respect to the original MS image, 
the source of the spectral information. The ill-posed nature 
of the pansharpening problem is arguably the major con-
tributing factor to this challenge due to the lack of a refer-
ence image at the spatial resolution of the Pan image.

Over the years, several quality evaluation protocols have 
been proposed, and, from them, two complementary as-
sessment types have emerged: RR assessment, performed at 
the scale of the original MS, and FR assessment, performed 
at the scale of the Pan image.

Figure 2 presents the results of bibliographic research 
performed on the topic of pansharpening, with publica-
tions collected from the major journals of the IEEE Geosci-
ence and Remote Sensing Society from 2015 to 2020. Fig-
ure 2(a) shows the percentages of such publications making 
use of the RR and FR assessments. The histogram clearly 
indicates how the RR assessment has almost always been 
adopted, while, unfortunately, a significantly lesser per-
centage of articles have assessed the quality of pansharpen-
ing at FR. 

Wald’s protocol [38], [39] was one of the first frame-
works to successfully tackle the issue of the quality of image 

fusion. In such a protocol, image quality is defined in terms 
of two properties that a pansharpened product should pos-
sess: consistency and synthesis. Consistency involves the 
reversibility of the pansharpening process: a pansharpened 
product, once spatially degraded at the original MS resolu-
tion by means of proper decimation filters, should be as 
identical as possible to the original MS data. Consistency 
represents a necessary condition for the spectral quality of 
pansharpening, and it was recently claimed to be a suffi-
cient condition [40]. On the other hand, synthesis states 
that the fusion product, sharpened by means of a higher-
resolution Pan image, should be as identical as possible to 
the MS imagery that the corresponding sensor, if it existed, 
would observe at the Pan resolution. If the consistency can 
be checked without major problems, the same is not true 
for the synthesis property since the ideal high-resolution 
MS image is not available from the same acquisition plat-
form; thus, alternative viable solutions are required. 

Such a hurdle has been overcome by introducing the 
framework of RR quality assessment: the whole data set, in-
cluding the Pan image and the original MS bands, is spatially 
degraded by means of proper decimation filters, and the fu-
sion process is performed using the degraded data set. The 
fusion outcome is then compared to the original MS data, 
the latter not being used in any way in the fusion process but 
acting only as the reference in the quality assessment [41] by 
means of well-established numerical/statistical scores suit-
ably chosen to infer the image quality information. 

Even though RR assessment can be deemed as accurate 
because of the availability of reference images, the main 
drawback of the procedure lies in its implicit assumption 
of the invariance of quality among resolution scales, whose 
validity may not always be verified, especially for very-
high-resolution data. In addition, the RR assessment is also 
influenced by the particular decimation filter used in the 
spatial degradation procedure, which was left as an open 
problem in Wald’s original protocol. 

With regard to this matter, it has become common 
practice to use degradation filters whose amplitude spec-
trums are matched to the MTF of the imaging sensor, i.e., 
Gaussian-like filters for MS bands with a specified gain at 
a fraction of the Nyquist cutoff frequency proportional to 
the MS/Pan resolution ratio. For the degradation of the Pan 
image, since the latter is typically postprocessed for MTF 
restoration, an almost ideal filter is usually employed. From 
the aforementioned considerations, it is evident that the RR 
assessment alone may not be able to fully capture the un-
derlying quality of a pansharpened image and, therefore, 
why the development of suitable FR evaluation protocols 
became a task of primary importance. 

From an operational perspective, FR assessment is ap-
pealing since it allows direct validation at a scale where the 
full potential of pansharpening is usually exploited, such 
as in the commercial rendering of a 3D representation of 
Earth’s surface, e.g., Google Earth and Bing Maps, and as 
preprocessing solutions in change detection [42], anomaly 

TABLE 2. THE MATHEMATICAL NOTATION ADOPTED IN THE 
ARTICLE.

NAME SYMBOL SIZE (y × x × m)

Pan P N Ny x#

Low-pass filtered Pan PL N Ny x#  

Low-pass filtered and decimated Pan PL . / /N R N Ry x#  

MS image M / /N R N R Ny x# # m  

Low-pass filtered MS ML / /N R N R Ny x# # m  

Low-pass filtered and decimated MS ML . / /N R N R Ny x
2 2# # m  

MS up-sampled to Pan scale Mu N N Ny x# # m  

Pansharpened MS image Mt N N Ny x# # m  

kth MS band Mk / /N R N Ry x#  

kth up-sampled MS band Mku N Ny x#  

kth MS pansharpened MS band Mk
t N Ny x#  

MS/Pan resolution ratio R Scalar 
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detection [43], and visual image interpretation [44]. Howev-
er, FR validation poses a greater scientific challenge than the 
corresponding one at RR, mainly because of the following:

 ◗ the need for a suitable strategy to overcome the lack of a 
reference image without resorting to spatial degradation

 ◗ the issue of the spatial–spectral quality paradox: the 
least spectrally distorted image would be the one with 
no injection of spatial details (a plain interpolated MS 
image) if no proper measures are taken into account

 ◗ the presence of aliasing in the original MS, due to the 
high value of the MTF at the Nyquist frequency, par-
ticularly in across-track and possible local MS–Pan mis-
registrations [45], which are typically removed by the 
down-sampling process at RR.
Another contributing factor to the difficulty of an FR 

quality assessment of pansharpening is the lack of stan-
dardized MS–Pan data sets that are available to the research 
community [40]. Fortunately, recent works tackling this is-
sue have been published, such as [46] and [47], that provide 
open access and referenced data sets. The spatial/spectral 
quality paradox can be avoided if the spectral and spatial 
distortions are separately computed and if no direct cross-
scale computations are performed. For these reasons, the 
strategy for an FR quality evaluation traditionally separates 
the spectral distortion computation from its spatial coun-
terpart, with the original MS image being the reference for 
spectral quality, while the Pan image acts as the reference 
for spatial quality. 

One of the forerunner FR evaluation protocols was pro-
posed by Zhou et al. [48]; in such a framework, the spatial 
distortion is computed by means of the correlation coef-
ficient between the spatial details of the pansharpened 
image and those of the original Pan image, obtaining the 
so-called spatial correlation coefficient (sCC). The Lapla-
cian filter is used as the high-pass filter to extract the in-
vestigated high-spatial-frequency components. On the 
other hand, the spectral distortion is computed, band by 
band, as the average absolute difference between the fused 
band and the interpolated MS band. If the spatial distortion 
avoids the trap of the spatial/spectral paradox, the spectral 
distortion, which directly compares two images at different 
scales, does not. In addition, the unit value of the sCC is 
not necessarily always the ideal one since it may occur in 
instances where details are present in the MS and not in the 
Pan, as implicitly assumed in the protocol. 

The QNR protocol [34] is the most widespread FR as-
sessment protocol for pansharpening to date. Its basic idea 
is to infer the pansharpening quality by assessing the pres-
ervation after the fusion of the original relationships of the 
input pansharpening data set: intrarelationship changes 
between MS bands are regarded as spectral distortions, 
while interrelationship changes between MS and Pan are 
considered as spatial distortions. The metric used to evalu-
ate the similarity is the UIQI [49], whereas the difference 
operator is used to evaluate the relationship alteration. Giv-
en its widespread utilization, several variations of the QNR 

protocol, the QNR-like approaches, have been proposed 
over the years. A first modification of the QNR protocol was 
proposed by Khan et al. [35]; its novelties are

 ◗ the use of MTF filters for spatial degradation and filtering
 ◗ the employment of the consistency property of Wald’s 

protocol to assess spectral quality
 ◗ a modification of Zhou’s sCC for spatial quality assessment.

More recent variations of the QNR protocol are the HQNR 
[36] and RQNR [37], which both make use of the consisten-
cy property of Wald’s protocol for the evaluation of spectral 
fidelity but differ in how the spatial quality is computed. 
If the HQNR employs the same approach as the original 
QNR, the RQNR leverages the coefficient of determination 
of the multivariate linear regression (MLR) between the 
fused MS and the FR Pan image to assess the spatial fidelity 
of the former.

Figure 2(b) shows another aspect of the already cited 
bibliographic research, this time only focusing on the FR 
assessment of pansharpening. The data plainly highlight 
how, whenever the FR assessment is performed, the use of 
QNR-like protocols represents the primary choice. This ob-
servation supports the two aims of the article: First, given 
the widespread use of QNR-like protocols—QNR, FQNR, 
HQNR, and RQNR—we believe a thorough review of these 
protocols is necessary. Second, all QNR-like protocols com-
bine the spectral and spatial distortion indexes—Dm  and 

,Ds  respectively—into a unique quality index:

 · ;D D1 1QNR like- s= - -m
a b^ ^h h  (1)

Therefore, new insights on such protocols rise up by esti-
mating the appropriate values of a  and ,b  which are typi-
cally both set to one. A novel procedure described in the 
“Critical Overview of QNR-Like Protocols” section opti-
mizes the protocols’ reliability for properly assessing FR 
pansharpened data.

OTHER APPROACHES
Recently, a novel quality assessment framework based on 
a multiscale approach was proposed in [50]. The novelty of 
quality estimation by fitting (QEF) is to iteratively perform 
the spatial degradation of Wald’s protocol to make quality/
distortion metric functions of the ground sample distance 
(GSD) and then infer the quality at the full scale by means 
of proper interpolation techniques; in other words, the FR 
assessment is recast into a regression problem where the in-
dependent variables are the metrics computed at several de-
graded resolution scales, whereas the predicted value is the 
sought FR quality measure. Despite the inventiveness of the 
QEF protocol, the main limitation lies in the fact that no FR 
measurements are used in the quality estimation process. 

To overcome this subtle but relevant deficiency, a meth-
odology based on a sequential Bayesian framework, imple-
mented in the form of Kalman filters, was proposed in [51]. 
The rationale of the protocol, named Kalman QEF (KQEF), 
is to integrate the QEF multiresolution framework with 
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no reference measurements; specifically, at each degraded 
resolution scale, two indexes are being computed: one with 
the reference, i.e., the 2Q n  index, and the other without the 
reference, i.e., the HQNR index. In this way, two sequences 
of quality measurements, both functions of the GSD, are 
provided to the Kalman filter to infer the quality measure-
ment at the full scale. 

An updated and less computationally demanding ver-
sion of the KQEF, named combiner-based quality estimation, 
was also proposed in [52]. A recent adaptation of the QNR 
index, namely, the generalized QNR (GQNR), tailored 
for image fusion problems based on the hypersharpening 
paradigm [53], was proposed in [54]. It employs the same 
strategy of the QNR for the spectral quality assessment but 
relies on an image quality evaluator model for the spatial 
counterpart. Since the GQNR was specifically devised for 
hypersharpening fusion problems, we have not included it 
in the following analysis. 

Another quality evaluation protocol, namely, the joint 
quality measure (JQM), was proposed in [55]. As for the 
case of QNR, a unique index is finally computed as the 
weighted sum of the spatial and spectral quality indexes. 
The main differentiation of the JQM with respect to other 
protocols lies in the fact that it employs a novel composite 
similarity measure based on the mean, standard deviation, 
and correlation coefficient [composite similarity measure 
based on means, standard deviations, and correlation 
coefficient (CMSC)] (CMSC) instead of the traditionally 
used UIQI. The author claims that the property of transla-
tion invariance, offered by the CMSC and not by the UIQI, 
is of primary importance for remote sensing applications, 
such as clustering [56] and change detection [42]. Another 
interesting solution, based on perceptual image quality, 
was recently proposed in [57]; here, the qualitative analy-
sis of the pansharpened product is supported by the use 
of natural image statistics to extract statistical regularities 
from the pansharpened MS images. 

Finally, a recent and inventive quality assessment pro-
cedure was proposed in [58]. The main novelty of the ap-
proach lies in the employment of a multivariate Gaussian 
fitting strategy, aimed at directly learning two models from 
the observed data, one for a benchmark and one for test-
ing. The benchmark model is built by considering a set of 
spatial and spectral features that are sensitive to spatial and 
spectral distortions and computed in a patchwise manner 
from the original Pan and MS data. The evaluation model 
is built by considering the same features of the benchmark 
but computed from the fused imagery. Finally, a modified 
Bhattacharyya distance between the two models is em-
ployed as a measure of the quality of the pansharpened 
product of interest.

FR ASSESSMENT: QNR-LIKE PROTOCOLS
In this section, we describe, theoretically and practically, 
the investigated QNR-like protocols. In the aforementioned 
bibliographic research, we also assessed the use of QNR-like 

protocols by the scientific community. Figure 1 highlights 
how the QNR protocol is the most employed solution for 
assessing the quality of FR pansharpened data. Before delv-
ing deeper into the description of the protocols, we recall 
the definitions of the main similarity measures employed 
by such protocols, such as the UIQI [49] and its multivariate 
version, the 2Q n  index [59], [60].

UNIVARIATE UIQI
The seminal UIQI index was introduced to overcome the 
limitations of traditional error summation metrics, such 
as mean square error (MSE) and peak signal-to-noise ra-
tio, and, since its introduction, has become an essential 
tool for image quality evaluation. The distortion of an im-
age is evaluated by means of the combination of three fac-
tors: correlation loss, contrast distortion, and luminance 
distortion:

 ,
z z
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where z and zt  are the reference and test images; zzv t  is the 
covariance between z and ;zt  and zv  and zr  are the standard 
deviation and mean of z, respectively. Its dynamic range 
is between [ , ],1 1-  and, whenever ,z z= t  an ideal unitary 
value is reached. The UIQI is calculated on blocks, typi-
cally ,32 32#  and, then, to obtain an overall index for the 
whole image, the values computed over the blocks are aver-
aged together.

MULTIVARIATE UIQI
Because the UIQI is a scalar index, it can only be applied to 
couples of scalar images, preventing the possibility of as-
sessing spectral distortions between multiband images. For 
this reason, a multivariate version of the UIQI, namely, the 

2Q n  index, was proposed and found suitable to assess the 
quality of pansharpened MS and hyperspectral images. By 
using hypercomplex (HC) numbers, the 2Q n  index can be 
easily applied to multiband images, making it able to evalu-
ate radiometric image distortions as well as spectral ones. 
As for the UIQI, the 2Q n  can be written as the product of 
three terms:
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In this case, z and zt  are the reference and test images, 
respectively, both having Nm  spectral bands, expressed 
in terms of HC numbers, with one real part and N 1-m  
imaginary parts. The spectral evaluation capability of the 

2Q n  is provided by the modulus of the HC correlation co-
efficient, which also takes into account the effects of cor-
relation loss. The radiometric capabilities of the 2Q n  are 
offered by the HC version of the second and third factors, 
assessing the multiband changes in the contrast and mean, 
respectively.
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QNR
As mentioned earlier, the QNR protocol is the usual go-to 
choice of the scientific literature for assessing the quality of 
FR pansharpened products. The in-depth rationale of the 
protocol is based on the following assumptions:

 ◗ The fusion process should not change the intrarelation-
ships between couples of MS bands; in other words, any 
intrarelationship changes between couples of MS bands 
across resolution scales are considered as indicators of 
spectral distortions.

 ◗ The fusion process should not change the interrelation-
ships between each MS band and the Pan image; in oth-
er words, any interrelationship changes between each 
MS band and the Pan across resolution scales are mod-
eled as spatial distortions.

The QNR protocol employs the UIQI as a similarity mea-
sure and the absolute difference as the change operator. The 
spectral distortion index, ,Dm  is obtained by computing 
two sets of UIQI values, each between couples of MS bands, 
one using the expanded MS bands and the other using the 
fused bands. Afterward, their absolute difference is taken 
and averaged:
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As we show in the “Critical Overview of QNR-Like Pro-
tocols” section, the not-always-clear behavior of the QNR 
index can be attributed to the definition of the spectral 
distortion index. Fortunately, other QNR-like protocols, 
i.e., FQNR, introduce better strategies to overcome this de-
ficiency. On the other hand, the spatial distortion index Ds  
is computed by means of the average absolute UIQI band-
by-band difference between MS and Pan, both at FR and at 
the original MS resolution:

 | , , |.D N
1 Q QP M PMs
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i L i
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u t^ ^h h/  (5)

Finally, a unique quality index is obtained by combin-
ing the complement of the spatial and spectral distortion 
indexes:

 · .D D1 1QNR s= - -m
a b^ ^h h  (6)

FQNR
From a chronological perspective, the FQNR protocol was 
the first to introduce substantial modifications to the origi-
nal QNR. Such novelties are

 ◗ the introduction of MTF-matched filters to extract 
the low-pass frequency components of MS and Pan 
images

 ◗ the employment of the consistency property of Wald’s 
protocol to assess spectral fidelity

 ◗ the use of complementary MTF-matched filters to ex-
tract the high-pass frequency components from MS and 
Pan images.

As mentioned earlier, today, it is widely accepted 
that any color change between the fused MS and the 
original MS data is considered to be an indicator of 
spectral distortions. Unfortunately, the lack of a refer-
ence image prevents a direct assessment. One of the 
main novelties introduced by the FQNR is to make use 
of the consistency property of Wald’s protocol to eval-
uate the spectral fidelity of the pansharpened prod-
uct. Since the consistency property evaluation requires 
a spatial degradation stage, including a decimation 
operation, the FQNR protocol proposes using MTF-
matched filters to perform the spatial degradation of 
the MS bands and an almost ideal filter for the Pan 
image. In this way, the spectral distortion index DF

m  is 
computed as follows:

 ◗ Each fused MS band is spatially degraded (filtered and 
decimated) with its specific MTF-matched filter.

 ◗ The 2Q n  index between the set of spatially degraded MS 
images and the original MS data set is computed.

 ◗ A unit complementary value is taken in order to obtain 
a distortion measure:

 , .D 1 2Q M MF n
L= - .m
t^ h  (7)

For the spatial distortion evaluation, the FQNR em-
ploys an approach similar to both the original QNR and 
Zhou protocols. As for the QNR, spatial distortions are still 
modeled as interrelationship changes between Pan and MS 
bands. The FQNR differs from the QNR in the fact that the 
spatial quality of the pansharpened product is evaluated 
by comparing the interrelationships between the high-fre-
quency components of the Pan image and those of the MS 
bands across resolution scales. Practically, the high-pass-
filtered versions of Pan and MS are computed at each scale 
and compared in terms of the UIQI before their absolute 
difference is taken and averaged for the number of spectral 
bands.

The particular choice of investigating only the high-fre-
quency content, borrowed from Zhou’s protocol, requires 
the definition of the specific high-pass filter to be used. 
If a Laplacian filter was proposed in Zhou’s protocol, the 
FQNR suggests the use of the complementary versions of 
the MTF-matched filters. Furthermore, unlike Zhou’s pro-
tocol, where the correlation coefficient was used as a simi-
larity measure, the FQNR suggests the employment of the 
more robust UIQI. The FQNR spatial distortion index is 
then given by
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and PL L.  is the low-pass-filtered version of .PL .

Authorized licensed use limited to: Gemine Vivone. Downloaded on May 31,2022 at 10:58:43 UTC from IEEE Xplore.  Restrictions apply. 



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

                                           IEEE GEOSCIENCE AND REMOTE SENSING MAGAZINE    MONTH 202210 

Considering that the UIQI is computed on local blocks 
before being averaged, to ensure the consistency of the sta-
tistical measure across resolution scales, the block size is 
reduced by the resolution scale factor whenever indexes are 
computed at the original MS resolution.

As for the QNR, a unique quality index is obtained by 
combining the computed spatial and spectral quality indexes:

 · .D D1 1FQNR F
s
F= - -m

a b^ ^h h  (9)

HQNR
The HQNR, proposed in [36], borrows the strengths of the 
FQNR and the original QNR. For the assessment of spectral 
quality, the HQNR employs the successful consistency ap-
proach of the FQNR, which, moreover, makes use of the 

2Q n  index, arguably one of the most reliable similarity 
measures. For the spatial counterpart, the HQNR uses the 
strategy provided by the QNR, which is the evaluation of 
spatial quality in terms of the preservation of the original 
interrelationships between each MS band and the Pan im-
age. Under these considerations, the HQNR represents the 
intuitive refinement of the QNR since it tries to resolve the 
weak points of the latter, i.e., the spectral quality part:

 · .D D1 1HQNR F
s= - -m

a b^ ^h h  (10)

RQNR
Another interesting variation of the QNR is offered by the 
RQNR protocol. Once again, the spectral consistency ap-
proach of the FQNR is adopted, confirming the cleverness 
of such a strategy. On the other hand, the main novelty of 
the RQNR lies in the spatial quality assessment, where a 
new strategy based on spatial consistency is proposed. The 
rationale is that the set of sharpened MS bands, as acquired 
by a hypothetical high-resolution narrowband MS sensor, 
should be capable of synthesizing the original Pan image, 
whose broadband sensor response comprises the MS ones. 
In other words, the sharpened MS bands should be consis-
tent with the sharpening Pan band.

Using a linear regression framework, the FR Pan is mod-
eled as a linear combination of the fused MS bands:
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where the optimal minimum MSE (MMSE) weights are 
estimated as the solution of the following minimization 
problem:
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from which the synthetic FR Pan is computed as
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where e  is the least squares space-varying residue. To mea-
sure the extent of the spatial matching between the fused 
MS bands and the Pan image, the coefficient of determina-
tion, or, equivalently, the R2  statistic, is exploited:

 .1R2
2

2

Pv
v

= - e  (14)

From a mathematical point of view, R2  measures the pro-
portion of total variation about the mean of the dependent 
variable explained by the regression [61], and, since it equals 
the squared value of the correlation coefficient between P  
and It its dynamic range lies between zero and one:

 .D 1 Rs
R 2

2
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= - = e  (15)

Finally, a unique quality score is obtained as the product 
of the complements of spectral and spatial distortions:

 · .D D1 1RQNR F
s
R= - -m

a b^ ^h h  (16)

DATA AND ALGORITHM COLLECTION
Three different images acquired by three different sensors, 
GeoEye-1, IKONOS, and WorldView-3, have been used in the 
simulations.

 ◗ Collazzone data set: The considered GeoEye-1 image was 
acquired on 13 July 2010 over the rural area of Collaz-
zone, Italy. The spatial resolution is 2 m for MS and 0.5 m 
for Pan, resulting in a resolution ratio equal to four. The 
MS image features four spectral bands [blue, green, red, 
and near-infrared (NIR)], and the dimension of the im-
ages are 512 # 512 pixels for the MS and 2,048 # 2,048 
pixels for the Pan. The radiometric resolution is 11 b.

 ◗ Toulouse data set: This IKONOS image, acquired on 2 Feb-
ruary 2001, features the city of Toulouse, France, with a 
spatial resolution of 4 m for MS and 1 m for Pan. The 
MS image comprises four bands (blue, green, red, and 
NIR), whereas the radiometric resolution is 11  b. The 
spatial size of the MS and Pan images are 512 # 512 and 
2,048 # 2,048 pixels, respectively.

 ◗ Tripoli data set: This WorldView-3 data set captures the city 
of Tripoli, Libya, acquired on 8 March 2016. The spatial 
resolution is 1.2 m for MS and 0.3 m for Pan, yielding a 
MS/Pan resolution ratio of four. The MS image compris-
es eight bands (coastal, blue, green, yellow, red, red edge, 
NIR1, and NIR2), covering an area of 377,487.36 ,m2  
corresponding to MS and Pan image sizes of 512 # 512 
and 2,048 # 2,048 pixels, respectively. The radiometric 
resolution is 11 b.

 ◗ Additional WorldView-3 RR data sets: Rio and New York: 
To increase the statistical robustness of the proposed 
analysis, we also use two additional WorldView-3 data 
sets at RR. The first one captures the city of Rio de Janei-
ro, Brazil, and the second shows a portion of the city of 
New York, United States. After the spatial degradation, 
which is performed using an MTF-matched filter for the 
MS and an almost ideal filter for the Pan, the spatial 
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resolution of the data sets is 1.2 m for the Pan (an image 
size of 512 # 512) and 4.8 m for the MS (an image size 
of 128 #  128 with eight spectral bands).
Figures 3–5 display the Pan and MS images using differ-

ent color compositions of the corresponding data set: Collaz-
zone, Toulouse, and Tripoli, respectively. Figure 6 shows the 
additional data sets of Rio and New York at RR. Regarding 
the pansharpening methods, we employed a collection of 
30 state-of-the-art algorithms, whose MATLAB implementa-
tions are taken from two publicly available toolboxes, such as 
[62] and [7]. Specifically, the collection is composed of 11 CS, 
nine MRA, five VO, and four ML methods in addition to the 
plain interpolated MS image. Table 3 provides the name, the 
category, and a brief description of each of the investigated 
methods, along with the corresponding references.

CRITICAL OVERVIEW OF QNR-LIKE PROTOCOLS
The scope of this section is twofold: first, an in-depth 
analysis of the pros and cons of each QNR-like protocol is 

presented; second, a novel methodology for estimating the 
exponential weights, a and ,b  of the spatial and spectral 
quality components of the presented QNR-like protocols, 
which are traditionally set equal to one, is proposed and 
described.

CRITICAL ANALYSIS OF QNR-LIKE PROTOCOLS
In the “FR Assessment: QNR-Like Protocols” section, the 
main strategies employed by the QNR-like quality proto-
cols were described. We delve into their mathematical defi-
nitions and choices to highlight their pros and cons in the 
following sections.

QNR
Over the years, several inconsistencies provided by the QNR 
protocol have been noted [7], [62]. In particular, some cases 
have been shown where there is a clear mismatch between 
the visual quality and quantitative assessment at FR. We 
believe these situations are related to two main problems: 

(a) (b) (c)

FIGURE 3. The GeoEye-1 Collazzone data set: the (a) Pan image and MS expanded images: (b) red, green, blue (RGB) bands {R,G,B} and (c) 
near-infrared, red, and green bands {NIR,R,G}.

FIGURE 4. The IKONOS Toulouse data set: the (a) Pan image and MS expanded images in several RGB band combinations: (b) {R,G,B} and 
(c) {NIR,R,G}.

(a) (b) (c)
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FIGURE 5. The WorldView-3 Tripoli data set: the (a) Pan image and MS expanded images in several RGB band combinations: (b) {R,G,B};  
(c) {NIR1,R,G}; (d) NIR2, red edge (RE), and yellow (Y) {NIR2,RE,Y}; and (e) RE, Y, and cyan (C) {RE,Y,C}.

(a) (b) (c)

(d) (e)

FIGURE 6. The WorldView-3 RR data sets of (a)–(e) Rio and (f)–(j) New York: (a) and (f) Pan images and MS expanded images in several 
RGB band combinations: (b) and (g) {R,G,B}, (c) and (h) {NIR1,R,G}, (d) and (i) {NIR2,RE,Y}, and (e) and (j) {RE,Y,C}.

(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)
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1) a questionable intrinsic as-
sumption made when com-
puting the spectral distortion 
index and 2) a mathematical 
issue in the definition of the 
spatial distortion index.

Starting from the spectral 
component, by considering 
(4), we have already seen that 
the QNR protocol considers 
any modifications across res-
olution scales of the intrarela-
tionships between MS bands 
as spectral impairments. In 
such a definition, there is an 
intrinsic assumption: any in-
jected detail, carrying spec-
tral information, is a source 
of spectral distortion. This 
point is highlighted by the 
fact that the expanded MS im-
age ,Mu  where no detail injec-
tion occurs, provides the best 
spectral distortion index (i.e., 
zero). This statement can eas-
ily be demonstrated by substi-
tuting Mu  to the fused image, 

,Mt  in (4). However, it is im-
portant to remark that, in any 
fusion process, it is not only 
normal that the injected de-
tails can bring spectral infor-
mation, but it is also necessary 
[78]. If this were not the case, 
almost all of the pansharpen-
ing methods, which somehow 
define an injection model, 
would lose their validity. We 
believe this is the main limita-
tion of the QNR protocol.

Unfortunately, the spatial 
component also suffers from 
inaccuracies due to its math-
ematical definition. Considering (5) and recalling that the 
QNR treats any change across resolution scales in the inter-
relationships between MS and Pan as spatial distortions, it 
can be demonstrated that such a strategy allows an unde-
sired coupling effect between spatial and spectral distor-
tions. Let us consider, for instance, the case where the fusion 
is performed over a homogeneous region, where it can be 
safely approximated that .P PL.  Let us also assume that, on 
such an area, a spectral distortion effect is introduced, mod-
eled as an additive constant term Tm  altering the relation-
ships among the MS bands across resolution scales:

 , , , .i N1M Mi i fT d= + + =m m
t u  (17)

Let us consider the spatial details to be injected ,d  as extract-
ed with an MRA-based approach, thus having .P PLd = -  It 
is easy to see that 0.d  in this case (i.e., when we deal with 
the fusion with data acquired over a hypothetical homoge-
neous area). In such a case, the Ds  index can be written as
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Recalling the UIQI formula in (2), it can be demonstrat-
ed that only the factor measuring the similarity between 

TABLE 3. THE NAMES, CATEGORIES, BRIEF DESCRIPTIONS, AND REFERENCES OF THE PAN-
SHARPENING METHODS INCLUDED IN THE BENCHMARK.

NAME CATEGORY DESCRIPTION AND REFERENCES 

EXP — Interpolated MS image with 23-tap interpolation kernel [63]

BT CS Brovey transform [2]

PCA CS Principal component analysis

GIHS CS Generalized intensity–hue–saturation [64], [8]

BT-H CS Brovey transform with haze correction [65]

BDSD CS Band-dependent spatial details [66]

C-BDSD CS BDSD with k-means clustering [4]

BDSD-PC CS BDSD with physical constraints [67]

GS CS Gram–Schmidt [13]

GSA CS Gram–Schmidt adaptive [14]

C-GSA CS GSA with clustering [11]

PRACS CS Partial replacement adaptive CS [68]

AWLP MRA Additive wavelet luminance proportional [69] with revised histogram 
matching [70]

MTF-GLP MRA Generalized Laplacian pyramid [63] with modulation transfer 
function-matched filter [5], with unitary injection model and revised 
histogram matching [70] 

MTF-GLP-FS MRA MTF-GLP [63], [5] with a full-scale regression-based injection model 
[71]

MTF-GLP-HPM MRA MTF-GLP [5] high-pass modulation injection model [9] with revised 
histogram matching [70]

MTF-GLP-HPM-H MRA MTF-GLP-HPM [5], [9] with haze correction [65]

MTF-GLP-HPM-R MRA MTF-GLP-HPM [5], [9] with preliminary regression-based spectral 
matching phase [72]

MTF-GLP-CBD MRA MTF-GLP [63], [5] context-based decision with regression-based 
injection model [73]

C-MTF-GLP-CBD MRA MTF-GLP-CBD [5], [63], [73] with local parameter estimation-exploit-
ing clustering [11]

MF MRA Nonlinear decomposition scheme exploiting half-gradient  
morphological filters [18]

FE-HPM VO Filter estimation based on a semiblind deconvolution framework and 
HPM injection model [74]

SR-D VO Sparse representation of injected details [22]

PWMBF VO PCA/wavelet model-based fusion [75]

TV VO Total variation pansharpening [19]

RRP VO Reduced rank-based pansharpening [76], [77]

PNN ML Pansharpening neural network [25]

PNN-IDX ML PNN with input auxiliary indexes [25]

A-PNN ML Advanced PNN [6]

A-PNN-FT ML A-PNN with fine tuning [6]
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the mean luminance of the two images in the input is af-
fected by the presence of the additive term .Tm  [The rest 
of the factors in (2) are defined by using central moments, 

thus showing an insensitivity to the addition of any con-
stant to the input data]. Thus, a band-by-band absolute dif-
ference greater than zero can be shown in (18) yielding a 
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FIGURE 7. A visual comparison of FQNR quality maps for the Tripoli data set considering the AWLP method: the (a) original FQNR, (b) modi-
fied FQNR, (c) spectral distortion map, (d) original spatial distortion map, (e) modified spatial distortion map, and (f) binary map of negative 
values for the original FQNR. (One indicates negative, and zero indicates positive).
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FIGURE 8. A comparison of FQNR protocols with different sets of filters for the Collazzone data set: the (a) Pan, (b) expanded MS, (c) TV 
fused image, (d) FQNR with MTF filtering of MS and ideal filtering of Pan, and (e) FQNR with ideal filtering of MS and MTF filtering of Pan.
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FIGURE 9. A comparison of FQNR protocols with different sets of filters for the Toulouse data set: the (a) Pan, (b) expanded MS, (c) SR-D 
fused image, (d) FQNR with MTF filtering of MS and ideal filtering of Pan, and (e) FQNR with ideal filtering of MS and MTF filtering of Pan.
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nonzero spatial distortion index, but due to a spectral dis-
tortion instead of a spatial one. This simple example cor-
roborates the coupling effects between the two distortion 
indexes observed during our broad experimental analysis 
(see the “Data and Algorithms Collection” section for fur-
ther details).

FQNR
One main novelty introduced by the FQNR protocol is the 
employment of the consistency property of Wald’s pro-
tocol to assess the spectral fidelity of the pansharpened 
product. This strategy has demonstrated itself to be very 
successful; not only do all more recently proposed QNR-
like protocols, such as the HQNR and RQNR, make use of 
it, but, currently, it seems that there are no better available 
strategies than the consistency for evaluating the spectral 
quality of FR pansharpened imagery. From a spectral qual-
ity perspective, the FQNR protocol proposes a powerful so-
lution to overcome the aforementioned spectral deficien-
cies of the QNR.

Regarding the spatial quality, we have seen that the QNR 
is affected by the coupling effect between Ds  and .Dm  Even 
in this case, the FQNR proposes an interesting solution to 
such a problem by only considering the details of the imag-
es under investigation. By focusing the analysis on the high-
frequency components only, the coupling is significantly 
removed since the main contribution to spectral distortion 
is provided by the low-frequency components. (The spatial 
extent of details in an image is much more limited than that 
of the low-frequency content). However, a residual coupling 
effect can still remain since the details can also bring spec-
tral information that could not be compensated for by the 
measurement of the same similarity metric but involving 
RR details; see the two terms in the summation in (8).

Although the FQNR provides significant improvements 
with respect to the QNR protocol, two critical aspects need 
to be highlighted. The first is the fact that the spatial distor-
tion index of the FQNR is not necessarily upper bounded 
to one. In fact, the spatial quality index D1 s

F-  can be lo-
cally negative (i.e., Ds

F  is locally greater than one). This is 
due to the fact that the UIQI indexes in (8) can assume 
values lower than zero (ranging from 1-  to ).1+  This is 

true for all of the QNR-like indexes based on UIQI metrics, 
but, in this case, the described situation is not uncommon 
because the UIQI indexes for Ds

F  are evaluated on high-
frequency images, and an inverse correlation can happen 
with a higher probability. 

To overcome this deficiency, all of the negative values 
of the local UIQI maps within the summation in (8) are 
clipped to zero. In this way, negative values are avoided 
without compromising the evaluation capability of the in-
dex that keeps on assigning the lowest quality to the anticor-
related regions. Figure 7 shows the local maps of the FQNR 
in its original version and with the proposed modification. 

RR Data Set

FR Data set

Q2n

QNR-Like (RR)

QNR-Like
(FR)

QNR-Like
Optimized

(a)

α, β

" "

0.3

0.2

0.1

0

R
M

S
E

3
2

1
0 0

1
2

3

(β )(α )

(b)

FIGURE 11. (a) A flowchart describing the approach used to 
estimate the QNR-like combination weights. (b) An instance of the 
surface obtained by the grid-based approach that jointly estimates 
the a  and b  combination coefficients; the red dot represents the 
optimal solution, i.e., the MMSE estimate.
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FIGURE 10. A comparison of FQNR quality maps using different sets of filters for the Tripoli data set: the (a) Pan, (b) expanded MS, (c) MTF-
GLP-CBD fused image, (d) FQNR with MTF filtering of MS and ideal filtering of Pan, and (e) FQNR with ideal filtering of MS and MTF filtering 
of Pan.
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This figure also shows a binary map of the FQNR whose 
values are negative (due to the factor D1 s

F-  being locally 
negative). Considering the high number of white points on 
the map, we can deduce that this problem is not statisti-
cally negligible. From here on, the FQNR protocol with the 
described modification of the spatial component is consid-
ered for comparison purposes.

The second critical issue of the FQNR involves the 
choice of the spatial filters to be used and its sensitivity 
to such filters. As already described, the FQNR suggests 
the use of MTF-matched filters and their complementary 
versions to extract the low-pass and high-pass frequency 
components of the images under investigation. It is im-
portant to remember that many factors come into play 
when trying to model the spatial response of an opti-
cal sensor [79]. The contribution of the imaging optics 
is, surely, one of the most important, but it is definitely 
not the only one. Just to name a few others, one can con-
sider the motion of the acquisition system resulting in a 

shrinking effect of the MTF in the along-track direction 
for sensors based on pushbroom scanners; the orthorec-
tification process, which reprojects (and resamples) the 
image on a specific map projection, which also depends 
on the particular geographic location of the acquisition 
area; the aging of the sensor; and the locally time- and 
space-variant effects of the atmosphere. In other words, it 
is important to remember that, at FR, the choice of optics–
MTF-matched filters, i.e., isotropic and Gaussian, to fully 
model the spatial response of an optical sensor could be 
a reasonable choice in some situations but a serious over-
simplification in others. 

In addition to these theoretical considerations, we have 
also tested the sensitivity of the FQNR protocol to the spe-
cific set of filters used in the computation. Since the FQNR 
proposes filtering the MS bands with MTF-matched filters 
and the Pan with an almost ideal filter, we tested a case 
where the situation is reversed: the MS bands are filtered 
with an ideal filter and the Pan with an MTF-matched filter. 

TABLE 4. THE RETRIEVED EXPONENTIAL WEIGHTS a AND b UNDER SEVERAL ESTIMATION CONFIGURATIONS.

SENSOR 
DATA SET

WORLDVIEW-3 

GEOEYE-1 
COLLAZZONE

IKONOS 
TOULOUSE TRIPOLI RIO NEW YORK ALL OVERALL

a b a b a b a b a b a b a b

QNR 0.01 1.22 0 1.03 0 1.33 0 1.35 0 1.22 0 1.33 0 1.19

FQNR 1.2 1.12 0.79 1.24 1.51 0.84 1.63 0.88 1.27 1.1 1.49 0.98 1.08 1.1

HQNR 0.89 0.91 0.86 0.77 1.47 0.94 1.59 0.95 1.31 0.82 1.42 0.94 0.98 0.89

RQNR 1.9 0.43 1.38 0.76 2.38 1.31 2.4 1.18 2.42 1.46 2.45 1.31 1.81 0.9

TABLE 5. THE RMSE VALUES BETWEEN Q2n AND QNR-LIKE INDEXES COMPUTED AT RR, UNDER SEVERAL ESTIMATION CON-
FIGURATIONS OF THE EXPONENTIAL WEIGHTS a AND b.

GEOEYE-1 COLLAZZONE IKONOS TOULOUSE WORLDVIEW-3 TRIPOLI

RMSE {a, b} {1, 1} GEOEYE-1 OVERALL {1, 1} IKONOS OVERALL {1, 1} WORLDVIEW-3 TRI WORLDVIEW-3 ALL OVERALL

QNR 0.0602 0.0411 0.0412 0.1132 0.0681 0.0704 0.0538 0.0538 0.0539 0.0546 

FQNR 0.0441 0.0417 0.0422 0.0302 0.0253 0.0298 0.0259 0.023 0.0251 0.0277 

HQNR 0.0254 0.0225 0.0227 0.0544 0.044 0.048 0.0444 0.043 0.0431 0.0458 

RQNR 0.0746 0.0621 0.067 0.0598 0.0543 0.0612 0.0555 0.0356 0.0357 0.0437 

WORLDVIEW-3 RIO WORLDVIEW-3 NEW YORK

RMSE {a, b} {1, 1} WORLDVIEW-3 RIO WORLDVIEW-3 ALL OVERALL {1, 1} 
WORLDVIEW-3  
NEW YORK WORLDVIEW-3 ALL OVERALL

QNR 0.0495 0.0495 0.0497 0.0629 0.0834 0.0524 0.053 0.0627 

FQNR 0.0238 0.0198 0.0207 0.0241 0.0213 0.0169 0.0179 0.0178 

HQNR 0.0396 0.0374 0.0377 0.0413 0.0461 0.0452 0.0466 0.0458 

RQNR 0.051 0.0334 0.0337 0.0397 0.0573 0.0303 0.0307 0.0421 

AVERAGE RMSE

{a, b} {1, 1} SENSOR BASED OVERALL

QNR 0.0765 0.053 0.0538 

FQNR 0.029 0.0254 0.0283 

HQNR 0.042 0.0384 0.0407 

RQNR 0.0596 0.0431 0.0508 
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Figures 8–10 show the results of this specific setup tested 
on three different data sets, i.e., Collazzone, Toulouse, and 
Tripoli. The sensitivity of the protocol to the employed 
set of filters is particularly evident. Specifically observing 
the quality maps of the Toulouse data set of Figure 9, one 
can notice how the distortion patterns introduced by the 
sparse representation of injected details (SR-D) method on 
the water surface of the river are much more highlighted in 
one case than in the other, i.e., when the set of filters has 
been switched.

To sum up, the FQNR proposes powerful and intuitive 
solutions for assessing the quality of pansharpened data at 
FR, even though some uncertainties still remain—in par-
ticular, on the choice of the filters to be used.

HQNR
The HQNR was introduced as a refinement of the QNR. 
Specifically, the HQNR improves the main drawback of the 
QNR, i.e., the spectral distortion index, replacing it with the 

successful strategy proposed by the FQNR, i.e., the spectral 
consistency approach. However, it still employs the spatial 
distortion of the QNR, thus suffering from the issue of the 
coupling of the spectral and spatial distortions. In this re-
gard, even though the HQNR brings some improvements, 
the deficiency of the spatial assessment cannot be over-
looked. Indeed, it is worth noting (as we see later on) that 
CS methods are usually penalized by the use of this quality 
metric because the natural spectral distortion introduced 
by these approaches in the fusion process is weighed twice 
(both from the spectral and the spatial distortion indexes). 
Thus, the performances of CS methods at FR are generally 
underestimated using the HQNR.

RQNR
Among the investigated QNR-like protocols, the RQNR is 
the last to have been proposed. The RQNR, as in the case of 
the FQNR and HQNR, exploits the benefits of evaluating 
the spectral fidelity of the fused imagery, implementing the 
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(g) (h) (i) (j) (k) (l)

(m) (n) (o) (p) (q) (r)

(s) (t) (u) (v) (w) (x)

FIGURE 12. The FR fusion products of a close-up view of the GeoEye-1 Collazzone data set, using a true-color representation: (a) PAN, (b) 
EXP, (c) GIHS, (d) BT, (e) BT-H, (f) BDSD-PC, (g) GS, (h) GSA, (i) C-GSA, (j) PRACS, (k) AWLP, (l) MTF-GLP-FS, (m) MTF-GLP-HPM-H, (n) MTF-
GLP-HPM-R, (o) MTF-GLP-CBD, (p) MF, (q) FE-HPM, (r) SR-D, (s) PWMBF, (t) TV, (u) RRP, (v) PNN, (w) PNN-IDX, and (x) A-PNN-FT.
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consistency property of Wald’s protocol. In view of this, it 
is the spatial distortion index Ds

R  that needs some special 
considerations.

The rationale behind the Ds
R  index of (15) is to evaluate 

the spatial quality of the pansharpened product in terms of 
the extent of the spatial matching between the original Pan 
and the fused MS. In other words, in the RQNR protocol, 
the ideal pansharpened MS bands should be able to syn-
thesize the original FR Pan image. With respect to the other 
QNR-like protocols, this represents a new paradigm for the 
spatial quality evaluation, which certainly has its own ben-
efits and drawbacks.

Indeed, on one hand, we have noted, during our experi-
mental analysis, that the spatial consistency map (obtained 
by locally evaluating the spatial distortion index )Ds

R  is very 
accurate, showing local spatial distortions with great pre-
cision. Thus, the use of this spatial index can be strongly 
suggested for a very effective visual analysis of fused out-
comes by analyzing the related spatial maps. This could be 
relevant for applications where the spatial information of 

pansharpened products is exploited the most, e.g., in pho-
togrammetry.

On the other hand, it is important to recall that the 
RQNR employs an MLR between the original Pan and the 
fused MS bands, as in (13), on which the spatial mismatch 
is measured by means of the coefficient of determination 
(i.e., it is related to the residuals of the multivariate regres-
sion). Even though, in the context of pansharpening, the 
adoption of a multivariate linear model is typically consid-
ered—see, e.g., the estimation of spectral weights for the 
widely used GSA method—some situations can certainly 
occur where such a model is not the most appropriate. For 
instance, the use of a nonlinear model explaining the spec-
tral relation between the MS and the Pan domains could 
be sometimes more suitable. In these cases, the spectral 
mismatch due to the use of an inappropriate linear model 
can result in an increase of the regression residuals, thus 
reducing the coefficient of determination for reasons far 
from a spatial distortion introduced in a particular fused 
product. Moreover, even an error in the estimation of the 
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FIGURE 13. The FR fusion products of a close-up view of the IKONOS Toulouse data set, using a true-color representation: (a) PAN, (b) EXP, 
(c) GIHS, (d) BT, (e) BT-H, (f) BDSD-PC, (g) GS, (h) GSA, (i) C-GSA, (j) PRACS, (k) AWLP, (l) MTF-GLP-FS, (m) MTF-GLP-HPM-H, (n) MTF-GLP-
HPM-R, (o) MTF-GLP-CBD, (p) MF, (q) FE-HPM, (r) SR-D, (s) PWMBF, (t) TV, (u) RRP, (v) PNN, (w) PNN-IDX, and (x) A-PNN-FT.
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coefficients of the linear model in (12) can result in a simi-
lar effect on the coefficient of determination. 

Thus, even for this index, a perfect spatiospectral decou-
pling cannot be ensured due to possible inaccuracies in the 
adopted linear spectral model. However, most of the spec-
tral distortion is usually captured by the linear regression 
model, thus guaranteeing a spatial distortion metric with 
a small (or zero) coupling with the spectral counterpart 
(different from the spatial distortion index exploited by the 
QNR and HQNR).

Another issue of the RQNR, more relevant than the 
previous one, involves the distribution of the values of the 
spatial distortion index in the dynamic range that theoreti-
cally ranges from zero to one. Indeed, the employment of 
the coefficient of determination limits the dynamic of the 
expected values showing a compression toward zero of Ds

R  
or, equivalently, toward one if the complementary values 

D1 s
R-  are considered (see the “FR Assessment: QNR-Like 

Protocols” section for more details). This consideration is 
somehow related to another issue that involves the com-
bination of the spatial and spectral components through a 

weighted geometric mean. Indeed, in this case, the spectral 
distortion index is related to the multivariate UIQI, while 
the spatial distortion is related to the coefficient of determi-
nation, which is the squared value of the related correlation 
coefficient. 

It is worth remarking that two measures of different 
natures are combined, and, for this reason, a plain mean 
could not be the best strategy. This is different from the 
definition of the other spatial distortion indexes in the pre-
sented QNR-like protocols, where the latter are based on 
a proper combination of UIQI indexes, as for the related 
spectral distortion indexes. However, to limit this draw-
back, two strategies could be proposed: 1) the use of a more 
complex (e.g., nonlinear) combination rule instead of the 
use of the weighted geometric mean and 2) the estimation, 
in a proper way, of the exponential weights a and b (which 
is the solution described in the next paragraphs).

A final comment on the RQNR involves its underlying 
synthesis property. We have seen that the spatial quality is 
evaluated in terms of the projection of the MS fused bands 
into the Pan domain. Namely, an intensity component is 
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FIGURE 14. The FR fusion outcomes of a close-up view of the WorldView-3 Tripoli data set, using a true-color representation: (a) PAN, (b) 
EXP, (c) GIHS, (d) BT, (e) BT-H, (f) BDSD-PC, (g) GS, (h) GSA, (i) C-GSA, (j) PRACS, (k) AWLP, (l) MTF-GLP-FS, (m) MTF-GLP-HPM-H, (n) MTF-
GLP-HPM-R, (o) MTF-GLP-CBD, (p) MF, (q) FE-HPM, (r) SR-D, (s) PWMBF, (t) TV, (u) RRP, (v) PNN, (w) PNN-IDX, and (x) A-PNN-FT.
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generated based on the fused MS bands, and the similarity 
between this and the Pan is measured. Thus, the Pan image 
plays the role of the ground truth for the assessment of the 
spatial distortion. 

However, this protocol is not headed toward the synthe-
sis property of Wald’s protocol, which states that the set of 
the fused MS bands should be as close as possible to the 
set of the MS bands that an ideal sensor, if existing, would 
measure at the resolution scale of the Pan. If the synthe-
sis property of Wald’s protocol is headed from MS bands 
toward another set of MS bands (remembering that the 
spatial responses of different MS spectral bands could be 
different from each other), the synthesis property of the 
RQNR goes from a set of MS bands toward a single Pan im-
age (losing the possibility of measuring a band-based spa-
tial distortion, thus diverging from the synthesis property 
of Wald’s protocol). The difference is subtle, but we deem it 
important, especially considering the necessity of develop-
ing novel solutions for the assessment of the spatial quality 
at FR of pansharpened data.

ASSESSMENT AT RR WITH PARAMETER ESTIMATION
In the “FR Assessment: QNR-Like Protocols” section, it 
was shown how each QNR-like protocol provides a unique 
quality index as an exponentially weighted product of 
the complementary values of the spectral and spatial dis-
tortions. We have also seen that these two exponential 
weights, a and ,b  are traditionally set to one. In this work, 
we exploit the degrees of freedom offered by these two pa-
rameters to get insights on the behavior and accuracy of the 
investigated QNR-like protocols. In particular, we exploit 
the possibility of estimating a and b at RR using the 2Q n  
index as reference. 

The estimation procedure is as follows: both the QNR-
like indexes and the 2Q n  index are computed at RR for each 
pansharpening method of the benchmark (30 algorithms 
plus the original MS image acting as the ground truth). 
Afterward, by means of a grid search technique, we select 
the values of the exponential weights, minimizing the 
root MSE (RMSE) between a QNR-like index and the ref-
erence .2Q n  Once a and b are estimated, under the scale 
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FIGURE 15. The FR fused imagery of a close-up view of the WorldView-3 Tripoli data set, using the {NIR-2,RE,Y} band combination: (a) PAN, 
(b) EXP, (c) GIHS, (d) BT, (e) BT-H, (f) BDSD-PC, (g) GS, (h) GSA, (i) C-GSA, (j) PRACS, (k) AWLP, (l) MTF-GLP-FS, (m) MTF-GLP-HPM-H, (n) 
MTF-GLP-HPM-R, (o) MTF-GLP-CBD, (p) MF, (q) FE-HPM, (r) SR-D, (s) PWMBF, (t) TV, (u) RRP, (v) PNN, (w) PNN-IDX, and (x) A-PNN-FT.
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invariance hypothesis, they can be used in the computation 
of the QNR-like metric at FR. Figure 11(a) shows the flow-
chart of the proposed estimation procedure. The designed 
spatial grid spans [0,3] both for a and b with a fine spatial 
sampling value of 0.01. Considering as an exemplary case 
the QNR index, mathematically, we can write

 , .argmin Q D D2 1 1
,

n
s

2
a b = - - -m

a b

a b
t t ^ ^h h  (19)

Figure 11(b) shows an example of the estimated exponen-
tial weights using the described grid search technique.

The use of the 2Q n  index as the reference for the esti-
mation of a and b is motivated by the fact that such an 
index, being both a radiometric and a spectral measure, is 
able to simultaneously take into account both the spatial 
and spectral impairments. For this reason, in addition to 
its mathematical elegance based on the theory of HC num-
bers, it is considered one of the most reliable overall quality 
indexes whenever the quality assessment of pansharpened 
products is performed at RR.

To take into account the sensor and scenario variability 
in the estimation process, the exponential weights are esti-
mated under several configurations:

 ◗ Data set based: The a and b values are estimated for each 
data set.

 ◗ Sensor based: The a and b values are estimated for each sen-
sor. This is particularly important for the WorldView-3 test 
case since three different data sets have been considered.

 ◗ Overall: The a and b values are estimated using all of the 
available data.

RESULTS
This section is devoted to presenting and discussing the 
results of the described experimental setups. After evalu-
ating the retrieved values of the exponential weights and 
assessing their estimation, the FR numerical scores for the 
entire collection of pansharpening methods and for each of 
the investigated data sets are presented. Finally, as a result 
of a thorough visual investigation conducted on the pan-
sharpened data, several close-ups are shown to corroborate 

TABLE 6. THE RF NUMERICAL SCORES FOR THE GEOEYE-1 COLLAZZONE DATA SET. 

ALGORITHM QNR Dm Ds FQNR DF
m Ds

F HQNR DF
m Ds RQNR DF

m Ds
R

EXP 0.8829 0 0.1171 0.7893 0.029 0.1871 0.8573 0.029 0.1171 0.8295 0.029 0.1457 

GIHS 0.8714 0.0647 0.0684 0.7678 0.1955 0.0456 0.7495 0.1955 0.0684 0.7776 0.1955 0.0335

PCA 0.8317 0.0561 0.1189 0.7139 0.2575 0.0385 0.6542 0.2575 0.1189 0.7249 0.2575 0.0236 

BT 0.8144 0.0887 0.1063 0.8485 0.1278 0.0271 0.7795 0.1278 0.1063 0.8628 0.1278 0.0108

BT-H 0.8747 0.0482 0.0811 0.9369 0.0381 0.0259 0.8839 0.0381 0.0811 0.9618 0.0381 1.1640e–5 

BDSD 0.8258 0.0592 0.1223 0.9326 0.0401 0.0283 0.8425 0.0401 0.1223 0.9589 0.0401 0.001

C-BDSD 0.8806 0.031 0.0912 0.9446 0.0347 0.0215 0.8772 0.0347 0.0912 0.9631 0.0347 0.0022 

BDSD-PC 0.823 0.0608 0.1237 0.933 0.0401 0.0280 0.8411 0.0401 0.1237 0.9587 0.0401 0.0012

GS 0.8991 0.045 0.0586 0.8072 0.1678 0.03 0.7834 0.1678 0.0586 0.8176 0.1678 0.0175 

GSA 0.7861 0.0798 0.1457 0.909 0.0528 0.0403 0.8091 0.0528 0.1457 0.947 0.0528 0.0001

C-GSA 0.8067 0.0685 0.134 0.9238 0.047 0.0306 0.8253 0.047 0.134 0.9528 0.047 0.0002 

PRACS 0.8887 0.0409 0.0735 0.9428 0.0344 0.0236 0.8947 0.0344 0.0735 0.9594 0.0344 0.0064

AWLP 0.8929 0.0346 0.0751 0.9688 0.0198 0.0115 0.9065 0.0198 0.0751 0.9722 0.0198 0.0081 

MTF-GLP 0.7745 0.0893 0.1495 0.926 0.0312 0.0442 0.824 0.0312 0.1495 0.9629 0.0312 6.0866e–3 

MTF-GLP-FS 0.7956 0.0771 0.1379 0.9301 0.0282 0.0429 0.8377 0.0282 0.1379 0.9657 0.0282 0.0062 

MTF-GLP-HPM 0.7748 0.0888 0.1497 0.9271 0.0327 0.0415 0.8225 0.0327 0.1497 0.9584 0.0327 0.0092 

MTF-GLP-HPM-H 0.8783 0.0486 0.0768 0.9526 0.0204 0.0276 0.9044 0.0204 0.0768 0.9736 0.0204 0.0062 

MTF-GLP-HPM-R 0.7984 0.0743 0.1375 0.9318 0.0293 0.0401 0.8372 0.0293 0.1375 0.9633 0.0293 0.0076 

MTF-GLP-CBD 0.7946 0.0772 0.1389 0.9293 0.0288 0.0432 0.8363 0.0288 0.1389 0.9653 0.0288 6.0973e–3 

C-MTF-GLP-CBD 0.8192 0.0648 0.1241 0.9433 0.0249 0.0326 0.8541 0.0249 0.1241 0.9682 0.0249 0.007 

MF 0.7829 0.0872 0.1423 0.9292 0.0392 0.0329 0.8241 0.0392 0.1423 0.9519 0.0392 0.0093 

FE-HPM 0.7792 0.0875 0.1461 0.9362 0.0314 0.0335 0.827 0.0314 0.1461 0.9628 0.0314 0.006 

SR-D 0.9474 0.019 0.0343 0.9515 0.0098 0.0391 0.9562 0.0098 0.0343 0.9525 0.0098 0.038 

PWMBF 0.8496 0.0765 0.08 0.9132 0.0477 0.041 0.8761 0.0477 0.08 0.9179 0.0477 0.0361 

TV 0.9086 0.0297 0.0636 0.9394 0.0299 0.0317 0.9084 0.0299 0.0636 0.9477 0.0299 0.0232 

RRP 0.8641 0.0485 0.0918 0.9449 0.0292 0.0267 0.8817 0.0292 0.0918 0.9708 0.0292 3.7845e–5 

PNN 0.8938 0.033 0.0757 0.9628 0.0230 0.0146 0.9031 0.023 0.0757 0.965 0.023 0.0123 

PNN-IDX 0.926 0.0192 0.0558 0.95 0.0255 0.0252 0.9201 0.0255 0.0558 0.9621 0.0255 0.0127 

A-PNN 0.9219 0.0238 0.0556 0.9557 0.015 0.0297 0.9302 0.015 0.0556 0.9651 0.015 0.0202 

A-PNN-FT 0.9331 0.0145 0.0532 0.9494 0.0131 0.038 0.9344 0.0131 0.0532 0.9709 0.0131 0.0162 

The best overall results are in bold; the best outcomes for each category are underlined.
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the theoretical considerations of the “Critical Overview of 
QNR-Like Protocols” section.

ON THE RETRIEVED EXPONENTIAL WEIGHTS
Regarding the estimation of the exponential weights, 
Table 4 reports the retrieved values of a  and b  using the 
aforementioned methodology. It immediately stands 
out that the exponential weights of the spectral quality 
component of the QNR protocol a  turn out to be practi-
cally equal to zero, regardless of the data set used in the 
estimation. From a mathematical perspective, the in-
terpretation of this result is straightforward: at RR, if a 
connection between the 2Q n  and QNR indexes has to be 
found, the spectral part of the QNR protocol should be 
eliminated (i.e., it gives no information about the quality 
of the fused product). Even though this result has been 
found at RR, this outcome endorses the aforementioned 
considerations about the limitations of the QNR spectral 
quality component. 

Another noteworthy result in Table 4 is provided by the 
RQNR protocol, where it is possible to notice how the val-
ues of the retrieved weights of the spectral component a are 
almost twice as much as the weights of the spatial compo-
nent .b  Once again, this outcome supports the theoretical 
considerations given in the “Critical Overview of QNR-Like 
Protocols” section about the fact that a weighted geometric 
mean of DF

m  and Ds
R  for the RQNR protocol may not repre-

sent the best strategy. 
Regarding the FQNR and HQNR protocols, a similar 

trend in terms of the estimated weights is noticeable. The 
overall case is of particular interest since the estimated val-
ues are both close to one, as traditionally assumed in the 
literature, thus confirming the adequacy of such a solution 
for these two protocols. Table 5 shows the RMSE values be-
tween the QNR-like metrics and the 2Q n  index for cases 
where different exponential weights have been used. The 
minimum average RMSE values are provided by the FQNR, 
followed by the HQNR, RQNR, and QNR, respectively. 

TABLE 7. THE FR NUMERICAL SCORES FOR THE IKONOS TOULOUSE DATA SET. 

ALGORITHM QNR Dm Ds FQNR DF
m Ds

F HQNR DF
m Ds RQNR DF

m Ds
R

EXP 0.8277 0 0.1723 0.6555 0.056 0.3055 0.7813 0.056 0.1723 0.6427 0.056 0.3192 

GIHS 0.8698 0.0599 0.0748 0.7926 0.1683 0.047 0.7695 0.1683 0.0748 0.8104 0.1683 0.0255

PCA 0.9228 0.0264 0.0522 0.8127 0.1414 0.0535 0.8138 0.1414 0.0522 0.8562 0.1414 0.0028 

BT 0.7095 0.1606 0.1547 0.8537 0.1212 0.0285 0.7428 0.1212 0.1547 0.8787 0.1212 0.0001 

BT-H 0.8523 0.0723 0.0812 0.9163 0.069 0.0158 0.8554 0.069 0.0812 0.8994 0.069 0.034

BDSD 0.9036 0.0384 0.0604 0.8892 0.0895 0.0235 0.8556 0.0895 0.0604 0.894 0.0895 0.0181

C-BDSD 0.9460 0.0163 0.0383 0.8912 0.0903 0.0204 0.8749 0.0903 0.0383 0.8773 0.0903 0.0356 

BDSD-PC 0.9012 0.0395 0.0617 0.891 0.088 0.023 0.8557 0.088 0.0617 0.8962 0.088 0.0173

GS 0.9177 0.0292 0.0547 0.81 0.1474 0.05 0.806 0.1474 0.0547 0.8463 0.1474 0.0074 

GSA 0.8384 0.0682 0.1003 0.9287 0.0675 0.0041 0.839 0.0675 0.1003 0.9317 0.0675 0.0008

C-GSA 0.8957 0.0699 0.0371 0.8396 0.0641 0.1029 0.9012 0.0641 0.0371 0.935 0.0641 0.001

PRACS 0.9053 0.0357 0.0612 0.9044 0.0566 0.0414 0.8857 0.0566 0.0612 0.9286 0.0566 0.0157

AWLP 0.8283 0.0844 0.0953 0.9627 0.0268 0.0108 0.8804 0.0268 0.0953 0.9424 0.0268 0.0316 

MTF-GLP 0.8245 0.0866 0.0973 0.9526 0.0292 0.0188 0.8763 0.0292 0.0973 0.941 0.0292 0.0306

MTF-GLP-FS 0.8437 0.0721 0.0908 0.9623 0.0285 0.0095 0.8834 0.0285 0.0908 0.9435 0.0285 0.0289 

MTF-GLP-HPM 0.8352 0.0812 0.091 0.9511 0.0281 0.0214 0.8834 0.0281 0.091 0.9339 0.0281 0.039

MTF-GLP-HPM-H 0.8531 0.0784 0.0744 0.9474 0.0282 0.0251 0.8995 0.0282 0.0744 0.9328 0.0282 0.0402 

MTF-GLP-HPM-R 0.8528 0.0676 0.0853 0.9601 0.0275 0.0128 0.8896 0.0275 0.0853 0.9363 0.0275 0.0373 

MTF-GLP-CBD 0.8436 0.072 0.0909 0.962 0.0284 0.0098 0.8832 0.0284 0.0909 0.9437 0.0284 0.0287 

C-MTF-GLP-CBD 0.9487 0.0179 0.0341 0.8992 0.0307 0.0723 0.9363 0.0307 0.0341 0.9272 0.0307 0.0435 

MF 0.8651 0.0657 0.0742 0.9273 0.0418 0.0322 0.8871 0.0418 0.0742 0.9042 0.0418 0.0563 

FE-HPM 0.8639 0.062 0.0791 0.9487 0.0286 0.0234 0.8946 0.0286 0.0791 0.9314 0.0286 0.0411 

SR-D 0.9034 0.0468 0.0522 0.8982 0.0163 0.087 0.9323 0.0163 0.0522 0.8394 0.0163 0.1467 

PWMBF 0.8173 0.0857 0.1061 0.9016 0.0836 0.0161 0.8192 0.0836 0.1061 0.9023 0.0836 0.0153 

TV 0.9544 0.0154 0.0307 0.9113 0.0472 0.0435 0.9235 0.0472 0.0307 0.919 0.0472 0.0354 

RRP 0.3626 0.3541 0.4385 0.7082 0.0802 0.2301 0.5164 0.0802 0.4385 0.7801 0.0802 0.1519 

PNN 0.9261 0.0249 0.0503 0.9388 0.0371 0.025 0.9145 0.0371 0.0503 0.9498 0.0371 0.0137 

PNN-IDX 0.929 0.0481 0.0241 0.9072 0.0588 0.0361 0.9185 0.0588 0.0241 0.9286 0.0588 0.0134 

A-PNN 0.9515 0.0126 0.0364 0.9269 0.0337 0.0407 0.9311 0.0337 0.0364 0.9486 0.0337 0.0183 

A-PNN-FT 0.9648 0.0104 0.0251 0.9156 0.0342 0.052 0.9416 0.0342 0.0251 0.9357 0.0342 0.0312 

The best overall results are in bold; the best outcomes for each category are underlined.
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These results show how the FQNR is the protocol that best 
fits the 2Q n  index at RR. Even though this result highlights 
the reliability of the FQNR protocol, it should not be for-
gotten that such a protocol makes use of the same spatial 
filters used in the spatial degradation process and therefore 
introduces a possible bias in the estimation. 

A final note is about the combined coefficients a and 
.b  Generally speaking, there is a clear advantage, having 

a look at the average RMSE in Table 5, in estimating the 
combined coefficients when the QNR and RQNR are con-
sidered. (It is worth remarking that, in these cases, the esti-
mated coefficients in Table 4 are far from the fixed value of 
one). Instead, just a slight benefit can be noted by estimat-
ing the coefficients in the case of the FQNR and HQNR. In 
those cases, the sensor-based solution using the coefficients 
reported in Table 4 should be adopted to have a significant 
advantage.

NUMERICAL AND VISUAL ASSESSMENTS
The close-ups of the fusion outcomes of the most repre-
sentative pansharpening algorithms of the benchmark are 

shown in Figure 12 (Collazzone data set), Figure 13 (Tou-
louse data set), and Figures 14 and 15 (Tripoli data set, true-
color and near-infrared 2-red edge-yellow representations). 
On the other hand, Tables 6–8 report the numerical scores 
(Collazzone, Toulouse, and Tripoli, respectively) for all of 
the investigated QNR-like protocols.

From an overall perspective, methods such as SR-D, 
additive wavelet luminance proportional (AWLP), and 
advanced pansharpening neural network with fine tuning 
(A-PNN-FT) generally provide high fusion performance, 
independent of the data set or the QNR-like protocol used 
for the assessment. Conversely, first-generation CS pan-
sharpening methods, such as generalized IHS (GIHS), 
PCA, BT, and GS provide poor numerical scores along with 
poor visual appearances of the fused images (mainly spec-
trally distorted).

Analyzing the quantitative scores separately for each 
pansharpening category, it can be noticed that the CS fam-
ily of methods, such as BDSD with physical constraints and 
partial replacement adaptive CS (PRACS), provide high 
numerical scores. High-performance representatives of the 

TABLE 8. THE FR NUMERICAL SCORES FOR THE WORLDVIEW-3 TRIPOLI DATA SET. 

ALGORITHM QNR Dm Ds FQNR DF
m Ds

F HQNR DF
m Ds RQNR DF

m Ds
R

EXP 0.8829 0 0.1171 0.6936 0.0531 0.2675 0.836 0.0531 0.1171 0.8149 0.0531 0.1394 

GIHS 0.9144 0.0381 0.0493 0.8007 0.1258 0.084 0.8311 0.1258 0.0493 0.8725 0.1258 0.0019

PCA 0.9292 0.0191 0.0527 0.8149 0.1141 0.0801 0.8392 0.1141 0.0527 0.8858 0.1141 0.0001 

BT 0.8654 0.0650 0.0745 0.8239 0.1231 0.0604 0.8116 0.1231 0.0745 0.8738 0.1231 0.0035

BT-H 0.8805 0.0569 0.0663 0.8537 0.0991 0.0523 0.8411 0.0991 0.0663 0.9009 0.0991 1.2458e–5 

BDSD 0.9382 0.0223 0.0404 0.7752 0.1594 0.0778 0.8067 0.1594 0.0404 0.783 0.1594 0.0686

C-BDSD 0.9235 0.0322 0.0457 0.7952 0.1583 0.0552 0.8032 0.1583 0.0457 0.7533 0.1583 0.105 

BDSD-PC 0.9452 0.0262 0.0293 0.7695 0.1566 0.0876 0.8187 0.1566 0.0293 0.7867 0.1566 0.0672

GS 0.9316 0.0177 0.0516 0.8167 0.1128 0.0794 0.8414 0.1128 0.0516 0.8868 0.1128 0.0005 

GSA 0.8965 0.0453 0.061 0.8389 0.102 0.0659 0.8432 0.102 0.061 0.8965 0.102 0.0017

C-GSA 0.9319 0.0251 0.0441 0.8517 0.0949 0.059 0.8652 0.0949 0.0441 0.9036 0.0949 0.0017 

PRACS 0.9336 0.0221 0.0452 0.8463 0.0811 0.079 0.8773 0.0811 0.0452 0.914 0.0811 0.0053

AWLP 0.914 0.045 0.0429 0.928 0.0289 0.0444 0.9294 0.0289 0.0429 0.931 0.0289 0.0413 

MTF-GLP 0.8788 0.0636 0.0615 0.9307 0.0305 0.04 0.9099 0.0305 0.0615 0.9303 0.0305 0.0405

MTF-GLP-FS 0.8862 0.0587 0.0585 0.9307 0.0308 0.0397 0.9125 0.0308 0.0585 0.9313 0.0308 0.0391 

MTF-GLP-HPM 0.8802 0.0626 0.061 0.934 0.032 0.0351 0.909 0.032 0.061 0.923 0.032 0.0465 

MTF-GLP-HPM-H 0.8398 0.0911 0.0761 0.9295 0.0308 0.0409 0.8954 0.0308 0.0761 0.9208 0.0308 0.05 

MTF-GLP-HPM-R 0.8907 0.0554 0.057 0.9335 0.0323 0.0353 0.9125 0.0323 0.057 0.9256 0.0323 0.0435 

MTF-GLP-CBD 0.8897 0.0567 0.0568 0.93 0.031 0.0402 0.9139 0.031 0.0568 0.9319 0.031 0.0382 

C-MTF-GLP-CBD 0.9340 0.0352 0.0319 0.9151 0.0352 0.0516 0.9341 0.0352 0.0319 0.9268 0.0352 0.0394 

MF 0.8908 0.0642 0.0481 0.94 0.0337 0.0272 0.9198 0.0337 0.0481 0.9046 0.0337 0.0638 

FE-HPM 0.8857 0.0606 0.0572 0.9395 0.0322 0.0293 0.9125 0.0322 0.0572 0.9191 0.0322 0.0503 

SR-D 0.9176 0.0436 0.0406 0.951 0.018 0.0316 0.9421 0.018 0.0406 0.8684 0.018 0.1157 

PWMBF 0.8099 0.1087 0.0913 0.8649 0.0654 0.0745 0.8493 0.0654 0.0913 0.8956 0.0654 0.0417 

TV 0.941 0.0222 0.0376 0.9527 0.0336 0.0141 0.9301 0.0336 0.0376 0.9169 0.0336 0.0513 

RRP 0.9125 0.0395 0.0499 0.8968 0.0701 0.0356 0.8835 0.0701 0.0499 0.9168 0.0701 0.0142 

PNN 0.8948 0.0574 0.0507 0.8404 0.0603 0.1056 0.8921 0.0603 0.0507 0.8659 0.0603 0.0784 

PNN-IDX 0.7965 0.0887 0.126 0.7735 0.0857 0.154 0.7991 0.0857 0.126 0.7483 0.0857 0.1816 

A-PNN 0.8691 0.0634 0.0721 0.835 0.0395 0.1307 0.8912 0.0395 0.0721 0.8522 0.0395 0.1127 

A-PNN-FT 0.90 0.0589 0.0437 0.8433 0.1079 0.0548 0.8532 0.1079 0.0437 0.8421 0.1079 0.056 

The best overall results are in bold; the best outcomes for each category are underlined.
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MRA methods are AWLP and MTF-GLP context-based de-
cision with a regression-based injection model with local 
parameter estimation-exploiting clustering (C-MTF-GLP-
CBD), whereas SR-D stands out among the VO methods. 
Finally, for the ML group, the A-PNN-FT algorithm shows 
remarkable performance.

Such quantitative results also confirm some of the pre-
viously discussed limitations of the investigated QNR-like 
protocols. Starting from the QNR and with the support of 
Figure 16, where a slope chart of the rankings of the QNR 
and HQNR for the data of Collazzone is displayed, it is 
possible to notice how the QNR ranks first-generation CS 
pansharpening methods with unexpectedly high positions 
(GS: sixth; GIHS: 14th; PCA: 17th; and BT: 21st), which 
contrasts with the visual analysis of their corresponding 
fused images.

Fortunately, the HQNR is able to solve this issue because 
of the employed spectral consistency approach of Wald’s 
protocol; in this way, first-generation CS methods are 
ranked with positions that better match the visual appear-
ances (GS: 27th; GIHS: 29th; PCA: 30th; and BT: 28th). This 
effect confirms the problems of the spectral component of 

the QNR but, at the same time, highlights the effectiveness 
of the consistency approach employed by all of the other 
protocols (the FQNR, HQNR, and RQNR). A similar trend 
is also found for the other two data sets.

Another important point to remember when analyzing 
FR numerical scores is the fact the CS methods tend to be 
penalized more than MRA methods. As already described 
in the “Critical Overview of QNR-Like Protocols” section, 
this occurs because of the larger spatial extent of the dis-
tortions introduced by CS methods (likely spectral) versus 
those of MRA methods (likely spatial).

Continuing with the analysis, Figure 17 shows an exam-
ple where it is possible to compare how quality protocols 
behave in the case of evident poor visual quality of pan-
sharpened images. For the specific imagery of Toulouse, 
we focused our attention on two methods producing low-
quality images, such as reduced rank-based pansharpen-
ing (RRP) and GSA with clustering (C-GSA). The former 
introduces a defective ringing effect that hinders any pos-
sible further processing, while the latter produces a strongly 
blurred image (even though the spectral consistency may 
be acceptable). Reduced rank-based pansharpening is prop-

erly penalized by the QNR and the 
HQNR, which both assign it the last 
position in the ranking (30th). Ac-
cordingly, the FQNR also assigns a 
very low score (29th).

However, for the C-GSA method 
some inconsistencies are noticeable. 
The HQNR and QNR provide medi-
um-high numerical scores (14th for 
the QNR and eighth for the HQNR), 
while the FQNR assigns a much 
lower numerical value, resulting in a 
25th ranking position.

From a visual analysis of the 
fused images, we believe the inter-
pretation of the FQNR is more ap-
propriate. This is also confirmed 
by considering the performance of 
the GSA method, whose fused im-
age does not seem to be character-
ized by any evident spectral/spatial 
distortions. Indeed, the FQNR as-
signs to it a medium-high numerical 
score (10th), while the QNR and the 
HQNR propose much lower values 
(23rd for both the protocols). A simi-
lar situation, even though reversed, 
also occurs for the PNN with input 
auxiliary indexes (PNN-IDX) meth-
od, where the FQNR suggests a lower 
numerical score than the QNR and 
HQNR, which seems more likely to 
match with the visual quality of the 
images.

            MTF-GLP #30 #30 PCA
   MTF-GLP-HPM #29 #29 GIHS
               FE-HPM #28 #28 BT
                       MF #27 #27 GS
                     GSA #26 #26 GSA
    MTF-GLP-CBD #25 #25 MTF-GLP-HPM
       MTF-GLP-FS #24 #24 MTF-GLP
MTF-GLP-HPM-R #23 #23 MF
                 C-GSA #22 #22 C-GSA
                        BT #21 #21 FE-HPM
C-MTF-GLP-CBD #20 #20 MTF-GLP-CBD
            BDSD-PC #19 #19 MTF-GLP-HPM-R
                  BDSD #18 #18 MTF-GLP-FS
                     PCA #17 #17 BDSD-PC
               PWMBF #16 #16 BDSD

                       RRP #15 #15 C-MTF-GLP-CBD
                    GIHS #14 #14 EXP
                    BT-H #13 #13 PWMBF
MTF-GLP-HPM-H #12 #12 C-BDSD
               C-BDSD #11 #11 RRP
                      EXP #10 #10 BT-H
                 PRACS #9 #9 PRACS
                   AWLP #8 #8 PNN
                      PNN #7 #7 MTF-GLP-HPM-H
                        GS #6 #6 AWLP
                         TV #5 #5 TV
                  A-PNN #4 #4 PNN-IDX
               PNN-IDX #3 #3 A-PNN
             A-PNN-FT #2 #2 A-PNN-FT
                     SR-D #1 #1 SR-D

HQNRQNR

FIGURE 16. A slope chart of the QNR and HQNR rankings for the Collazzone data set.
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Another relevant aspect emerging from the visual inves-
tigation of the pansharpened data are that methods based 
on recent advancements of signal processing and ML, e.g., 
SR-D or PNN, even though providing overall high fusion 
performance, may introduce spatial artifacts or a limited 
sharpness on specific localized targets. Since the spatial ex-
tent of such artifacts is constrained, the overall quality is 
not affected, but this result could be of primary importance 
for applications where high spatial fidelity of the pansharp-
ened data is required, i.e., target recognition and classifica-
tion [80]. 

Figure 18 shows two specific localized targets, i.e., boats, 
from the Toulouse data set, where the introduced spatial 

artifacts in the proximity of the vessels, mainly by SR-D, are 
particularly evident. In addition, Figure 19 displays a set 
of urban close-up views from the Tripoli data set. Of par-
ticular interest is the behavior of pansharpening algorithms 
when a moving target is being imaged, i.e., the second row 
of Figure 19. The spatial misalignment of a moving target in 
the Pan and the MS bands, caused by the acquisition time 
lag between the two [81], represents a challenging situation 
for every pansharpening algorithm. We can notice how tra-
ditional methods, such as AWLP and PRACS, behave bet-
ter than SR-D and PNN in such instances. From these ex-
amples, we can state that classical methods, such as AWLP 
or PRACS, even though providing a lower overall quality 

(a) EXP (b) C-GSA (c) GSA (d) RRP (e) PNN-IDX

QNR Dλ Ds Rank

EXP 0.8277 0 0.1723 26
C-GSA 0.8957 0.0699 0.0371 14
GSA 0.8384 0.0682 0.1003 23
RRP 0.3626 0.3541 0.4385 30
PNN-IDX 0.929 0.0481 0.0241 6

HQNR Ds Rank

0.7813 0.056 0.1723 27
0.9012 0.0641 0.0371 8
0.8390 0.0675 0.1003 23
0.5164 0.0802 0.4385 30
0.9185 0.0588 0.0241 6

Dλ
F FQNR Ds Rank

0.6555 0.056 0.3055 30
0.8396 0.0641 0.1029 25
0.9287 0.0675 0.0041 10
0.7082 0.0802 0.2301 29
0.9072 0.0588 0.0361 16

Dλ
F F

FIGURE 17. A comparison of the QNR, HQNR, and FQNR quality protocols, in terms of numerical scores, fusion method ranking, and visual 
appearance of the fused imagery, for several pansharpening algorithms: (a) EXP, (b) C-GSA, (c) GSA, (d) RRP, and (e) PNN-IDX. Best values 
are underlined.

(a) PAN (b) EXP (c) PRACS (d) AWLP (e) SR-D (f) PNN

(g) PAN (h) EXP (i) PRACS (j) AWLP (k) SR-D (l) PNN

FIGURE 18. Close-ups of several localized targets from the Toulouse imagery, revealing the introduction of spatial artifacts by some high-
performing methods, such as the SR-D: (a) PAN, (b) EXP, (c) PRACS, (d) AWLP, (e) SR-D, (f) PNN, (g) PAN, (h) EXP, (i) PRACS, (j) AWLP, 
(k) SR-D, and (l) PNN.
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in terms of numerical scores if compared with more recent 
algorithms, still remain reliable choices, especially from an 
application perspective.

The computed quality maps of every QNR-like proto-
col and data set are shown in Figures 20–22. For each, we 
have chosen a representative for the four pansharpening 
categories, i.e., PRACS (CS), AWLP (MRA), SR-D (VO), and 
PNN (ML).

EVALUATION OF SPECTRAL QUALITY ASSESSMENTS
Focusing on the analysis of the spectral counterpart of the 
QNR-like protocols, Figure 23 shows some close-ups of 
the Collazzone data set considering the quality maps of 
the QNR and HQNR. Since the QNR and HQNR share the 
same spatial distortion approach, this example gives us the 
possibility of marginalizing the differences between the 
spectral approaches of the two indexes.

The SR-D method is considered to facilitate the analysis 
because of its striking spectral fidelity. It is evident how the 

two spectral quality maps significantly diverge; in particu-
lar, the QNR spectral map detects a strong distortion over 
a portion of the plowed field. However, the HQNR coun-
terpart indicates nothing of the sort in such a region. From 
observing the SR-D fused image, the interpretation of the 
HQNR spectral consistency approach is likely to be more 
appropriate. A similar situation is also shown in Figure 24, 
where, in this case, the close-ups are extracted from the 
Toulouse data set.

EVALUATION OF SPATIAL QUALITY ASSESSMENTS
We conclude this section with a comparison of the differ-
ent spatial quality approaches of the QNR-like protocols. 
In this regard, Figures 25–27 show several situations where 
their differences are highlighted.

The interpretation of spatial quality maps is, in general, 
more difficult than that of their spectral counterparts, es-
pecially for the FQNR, which sometimes shows comple-
mentary behavior. Indeed, it is important to remember that 

(a) PAN (b) EXP (c) PRACS (d) AWLP (e) SR-D (f) PNN

(g) PAN (h) EXP (i) PRACS (j) AWLP (k) SR-D (l) PNN

(m) PAN (n) EXP (o) PRACS (p) AWLP (q) SR-D (r) PNN

(s) PAN (t) EXP (u) PRACS (v) AWLP (w) SR-D (x) PNN

FIGURE 19. A set of urban close-up views from the Tripoli data set in a true-color representation, providing a visual comparison of the 
fusion performances among classical methods, such as PRACS and AWLP, and more recent algorithms, i.e., SR-D and PNN: (a) PAN, (b) EXP, 
(c) PRACS, (d) AWLP, (e) SR-D, (f) PNN, (g) PAN, (h) EXP, (i) PRACS, (j) AWLP, (k) SR-D, (l) PNN, (m) PAN, (n) EXP, (o) PRACS, (p) AWLP, (q) 
SR-D, (r) PNN, (s) PAN, (t) EXP, (u) PRACS, (v) AWLP, (w) SR-D, and (x) PNN.
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the FQNR is the only protocol working on the high-pass 
components of the images, whereas all of the others con-
sider the all-pass components. Also, the quality maps of the 
RQNR provide substantial different information since its 
strategy (synthesis property toward the Pan image) is dif-
ferent from the consistency property employed by the other 
protocols (evaluating the preservation of the data relation-
ships across resolution scales).

Figure 27 shows an example where the detection ca-
pabilities of the spatial quality component of the RQNR 
to identify local spatial distortions are highlighted. Over 
the vegetation lines on the left-hand side of the SR-D 
fused image, two small patches are present where the Pan 
details have not been injected. The RQNR spatial quality 
map is able to precisely recognize such spots, confirm-
ing its usefulness in the support of the visual analysis of 

pansharpened imagery. Figure 27 is also particularly use-
ful to show the coupling effect of the spatial–spectral dis-
tortion affecting the HQNR protocol. In fact, by comparing 
the quality maps of the SR-D and PNN methods, we can 
notice that, for the latter, the spatial quality map is mainly 
diminished approximately over the areas where the corre-
sponding spectral quality map is lower. By contrast, since, 
for the SR-D method, the spectral distortion is almost 
zero, the coupling effect vanishes, thus making their cor-
responding spatial quality map a more likely independent 
measure of spatial fidelity.

CONCLUSIONS
The QNR is, to date, the most widely used FR assessment 
protocol for pansharpening. Given its widespread utili-
zation, several variations of the QNR protocol have been 
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FIGURE 20. The QNR-like quality maps of the Collazzone data set: (a–d) PRACS, (e–h) AWLP, (i–l) SR-D, and (m–p) PNN.
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proposed over the years, i.e., the FQNR, HQNR, and RQNR. 
This article mainly focused on the analysis of these pro-
tocols. A thorough review and an overview of the quality 
indexes based on the mentioned QNR-like protocols were 
reported. Moreover, a critical analysis highlighting their 
weaknesses was provided to readers. 

The problems in properly formulating the spectral dis-
tortion index of the QNR were pointed out, together with 
the coupling effects between its spectral and spatial distor-
tion indexes. This latter feature is shared by the HQNR, 
which also adopts the same formulation of the QNR for its 
spatial distortion index. In contrast, the FQNR overcomes 
this problem by proposing the use of high-pass-filtered im-
ages for assessing the spatial distortion. However, a high 
sensitivity with respect to the adopted filters has been 
shown in practical cases. 

Finally, the RQNR has shown its robustness thanks to 
the presence of a reference image (represented by the origi-
nal Pan image) for the spatial distortion evaluation task. 
However, this is made possible by the use of an index that 
is far from a combination of UIQIs, thus making harder 
the combination with the spectral distortion index to form 
the RQNR.

Moreover, in this article, the general problem of the 
combination of the two spatiospectral distortion indexes 
was also addressed, and solutions were studied and tested 
based on the coefficient estimation instead of exploiting 
coefficients that are fixed to a constant value. The use 
of combination weights different from one have been 
noted for the QNR and RQNR. Instead, the exploitation 
of all-one weights can be considered for the HQNR and 
FQNR, where a sensor-based estimation can only slightly 
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FIGURE 21. The QNR-like quality maps of the Toulouse data set: (a–d) PRACS, (e–h) AWLP, (i–l) SR-D, and (m–p) PNN.
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FIGURE 23. A comparison of the QNR and HQNR quality maps for the specific data set of Collazzone, GeoEye-1: (a) PAN, (b) EXP, (c) SR-D, 
(d) QNR, (e) ,D1- m  (f) ,D1 F- m  (g) ,D1 s-  and (h) HQNR.
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FIGURE 22. The QNR-like quality maps of the Tripoli data set: (a–d) PRACS, (e–h) AWLP, (i–l) SR-D, and (m–p) PNN.
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improve the performance with respect to the mentioned 
configuration. 

A broad experimental analysis was conducted on 
three different data sets captured by three different 
sensors  (GeoEye-1, IKONOS, and WorldView-3), charac-
terized by different spatial resolution ratios, numbers 
of spectral bands, and acquired landscapes (e.g., urban 
and rural areas). Experiments both at RR and at FR were 
considered to support the statements on the QNR-like 
protocols and to assess their performance, even corrobo-
rating it through a wide qualitative analysis. To this aim, 
a benchmark consisting of a publicly available collec-
tion of 30 state-of-the-art pansharpening methods was 

exploited. Interesting features of the FQNR protocol and 
the spatial distortion index of the RQNR were discussed 
and are supported by the experimental analysis, thus 
suggesting the use of these complementary quality as-
sessment measures to provide a full and consistent as-
sessment at FR.
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