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MULTI–SCALE SYNTHESIZED VIEW ASSESSMENT
BASED ON MORPHOLOGICAL PYRAMIDS
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The Depth-Image-Based-Rendering (DIBR) algorithms used for 3D video applications introduce geometric distortions
affecting the edge coherency in the synthesized images. In order to better deal with specific geometric distortions in the DIBR
synthesized images, we propose full-reference metric based on multi-scale pyramid decompositions using morphological filters.
The non-linear morphological filters used in multi-scale image decompositions maintain important geometric information such
as edges across different resolution levels. We show that PSNR has particularly good agreement with human judgment when
it is calculated between detailed images at higher scales of morphological pyramids. Consequently, we propose reduced
morphological pyramid peak signal-to-noise ratio metric (MP-PSNR), taking into account only mean squared errors between
pyramids’ images at higher scales. Proposed computationally efficient metric achieves significantly higher correlation with
human judgment compared to the state-of-the-art image quality assessment metrics and compared to the tested metric
dedicated to synthesis-related artifacts.
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1 INTRODUCTION

Depth-Image-Based Rendering (DIBR) techniques can
be used to generate views for different 3D video applica-
tions: free viewpoint television (FVV), 3DTV, 3D tech-
nology based entertainment products and 3D medical ap-
plications. The perceptual quality of synthesized views is
of great importance for the success of 3D video applica-
tions. So far a major effort has been done in view mod-
elling and synthesis. However, lesser effort has been done
in developing specific algorithms for assessing the visual
quality of synthesized views. The use of subjective tests is
expensive, time consuming, cumbersome and practically
no feasible in systems where real-time quality score of an
image or video sequence is needed. Objective metrics are
intended to predict human judgement. The reliability of
objective metrics is based on their correlation to subjec-
tive assessment results.

Virtual views could be synthesized either from the un-
compressed or compressed reference views. The evalua-
tion of DIBR synthesized views from uncompressed data
using standard image quality metrics has been discussed
in literature [1] for still images from FVV in 2D context.
It has been demonstrated that 2D quality metrics origi-
nally designed to address image compression distortions
are very far to be effective to assess the quality of syn-
thesized views.

The next two metrics have been proposed to improve
the performances obtained by standard quality metrics
in the evaluation of the DIBR-synthesized images from
uncompressed data. Full-reference objective image qual-

ity assessment metric dedicated to view synthesis quality
assessment, VSQA, [2] is aimed to handle areas where dis-
parity estimation may fail. It uses 3 visibility maps which
characterize complexity in terms of textures, diversity of
gradient orientations and presence of high contrast. This
metric achieves the gain of 17.8% over SSIM in correla-
tion with subjective measurements. 3DswIM [3] synthe-
sized view image quality metric relies on a comparison
of statistical features of wavelet sub-bands of the origi-
nal and DIBR-synthesized images. Only horizontal detail
sub-bands from the first level of Haar wavelet decom-
position are used. A registration step and skin detection
step are included. A skin detection weights the final qual-
ity score in order to penalize distorted blocks containing
skin-pixels based on the assumption that a human ob-
server is most sensitive to impairments affecting human
subjects. It was reported that 3DswIM outperforms the
conventional 2D metrics and tested DIBR image related
metrics.

Due to primate visual systems multiscale character
[4], multi-resolution image quality assessment methods
have improved performances relative to single-resolution
methods. Multi-scale structural similarity measure, MS-
SSIM [5] is based on linear low-pass pyramid decom-
position. Multi-scale image quality measures using in-
formation content weighted pooling, IW-SSIM and IW-
PSNR [6], use Laplacian pyramid decomposition [7]. CW-
SSIM [8] based on multi-orientation steerable pyramid
decomposition using multi-scale bandpass oriented filters
is simultaneously insensitive to luminance and contrast
changes and small geometric distortions of image.
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Fig. 1. Morphological multiscale image quality assessment framework

DIBR algorithms introduce new types of artefacts
mostly located around disoccluded regions. The intro-
duced geometric distortions are affecting edges coherency
in the synthesized images. Typical rendering errors in-
clude black holes, boundary blur, edge displacements or
misalignments. These artefacts are consequently challeng-
ing for standard quality metrics, usually tuned for other
distortion types.

In order to better deal with specific geometric distor-
tions in DIBR synthesized images, we propose multi-scale
image quality assessment metric based on morpholog-
ical filters in multiresolution image decomposition. In-
troduced non-linear morphological filters maintain im-
portant geometric information such as edges across dif-
ferent resolution levels [9]. In the previous work [10],
we explored morphological wavelet decompositions for
the multiscale metric MW-PSNR, which achieves much
higher correlation with human judgment compared to
the state-of-the-art image quality measures. We also ex-
plored morphological pyramid decomposition in the mul-
tiscale metric MP-PSNR [11] which uses mean squared
errors of all pyramids’ sub-bands. There is inherent con-
gruence between the morphological pyramid decomposi-
tion scheme and human visual perception [12]. In this pa-
per, we show that the performances of PSNR calculated
between detail images at higher scales of two morphologi-
cal band-pass pyramids, the reference image pyramid and
the DIBR-synthesized image pyramid, show much better
agreement with human judgment than the performances
of PSNR calculated on lower pyramids’ scales. There-
fore, we propose the improved version of morphological
pyramid-based measure, reduced morphological pyramid-
peak signal-to-noise ratio, MP-PSNR, using only detail
images from higher pyramids’ scales for the calculation
of MSE. After the morphological bandpass pyramid de-
composition of the reference and the synthesized images,
we propose to calculate squared error maps between the
appropriate detail images only at higher pyramids’ scales
of the two pyramids. Mean squared errors from higher
pyramids’ scales are combined into the multi-scale mean
squared error, which is transformed into reduced multi-
scale peak signal-to-noise ratio measure. Reduced MP-
PSNR is highly correlated with the judgment of human
observers, much better than standard IQA metrics. It
shows much better performances than tested metric ded-
icated to synthesis-related artefacts. The performances of
reduced morphological multi-scale measure are improved

comparing to its full-scales version. Since the morpholog-
ical operators involve only integers and only max, min
and addition in their computation, as well as simple cal-
culation of MSE, the proposed morphological multi-scale
metric is of low computational complexity. Reduced MP-
PSNR has lower computational complexity than its full
version. The distortions introduced by view synthesis al-
gorithms are evaluated using IRCCyN/IVC DIBR images
dataset [13].

In the next section, the proposed multi-scale metric,
the reduced MP-PSNR is described. Description of mor-
phological pyramid decomposition, the distortion compu-
tation stage and pooling stage of the reduced MP-PSNR
are given in Section 2. The performances of the proposed
metric and discussion are presented in Section 3, while
the conclusion is given in Section 4.

2 PROPOSED MORPHOLOGICAL

MULTI–SCALE METRIC

Mathematical morphology is a set-theoretic method
for image analysis which provide a quantitative descrip-
tion of geometric structure of an image. It considers im-
ages as sets which permits geometry-oriented transforma-
tions of the images. For the multiscale image decomposi-
tion we have used basic morphological operators dilation
(D) and erosion (E), [14, 15]:

D: dilationSE(f)(x) = max
y∈SE

f(x− y) , (1)

E : erosionSE(f)(x) = min
y∈SE

f(x+ y) , (2)

where f is a grayscale image and SE is binary (flat)
structuring element. Dilation/erosion are calculated as
the maximum/minimum in the neighbourhood defined by
structuring element.

A multi-scale representation is completely specified by
the transformation from a finer scale to a coarser scale.
In linear scale-spaces the operator for changing scale is a
convolution by a Gaussian kernel. After the convolution
with Gaussian kernel the images are uniformly blurred,
also the regions of particular interest like the edges [16].
To overcome this issue, nonlinear multiresolution signal
decomposition schemes based on morphological operators
have been proposed to maintain edges through scales [9].

The proposed multi-scale metric for DIBR image qual-
ity assessment, reduced morphological pyramid peak
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Fig. 2. Morphological bandpass pyramid decomposition scheme:
mr morphological reduce operator followed by down-sampling, me

morphological expand operator preceded by up-sampling

signal-to-noise ratio measure (MP-PSNR), can be de-
scribed as three-stage process, Fig. 1. In the first stage
both the reference and the distorted images are de-
composed into a set of lower resolution images using
multi-resolution morphological pyramid decomposition.
We propose to use nonlinear morphological operators in
the multi-scale pyramid decomposition in order to better
deal with specific geometric distortions in DIBR synthe-
sized images. Introduced non-linear morphological filters
maintain important geometric information such as edges
across different resolution levels [9]. In the second stage
of the morphological multi-scale IQA framework, Fig. 1,
squared error maps are evaluated using only the detail im-
ages at higher scales of the two morphological pyramids,
the reference image pyramid and the DIBR-synthesized
image pyramid. In the third stage, a pooling is employed
to convert these maps into a single quality scores, mean
squared errors, and finally these scores are combined into
the multi-scale image quality measure, multi-scale mean
squared error, which is transformed into the reduced mor-
phological pyramid peak signal-to-noise ratio measure,
MP-PSNR.

We propose to use morphological bandpass pyramid
(MBP) decomposition in the first stage of of morpho-
logical multi-scale IQA framework. Morphological band-
pass pyramid is generated using the Laplacian type pyra-
mid decomposition scheme [7]. Single level of morpholog-
ical bandpass pyramid decomposition is shown on Fig. 2,
where mr is morphological reduce filter for low-pass fil-
tering in analysis step and me is morphological expand
filter for interpolation filtering in synthesis step. Morpho-
logical bandpass pyramid with M decomposition levels
consists of detail (error) images of decreasing size dj ,
j = 0 , . . . ,M − 1 and the coarse lowest resolution im-
age sM [12]. MBP tends to enhance image features such

as edges which are segregated by scale in the various pyra-
mid levels. Enhanced features are segregated by size: fine
details are prominent in the lower level images while pro-
gressively coarser features are prominent in the higher
level images.

The proposed morphological bandpass pyramid is mor-
phological pyramid adjunction, MBP ED [16], which uses
morphological operator erosion as reduce operator mr

followed by down-sampling, Fig. 2, and morphological op-
erator dilation as expand operator me proceeded by up-
sampling. MBP ED pyramid based on adjunction satisfies
the property that the detail signal is always nonnegative.
At any scale change, maximum luminance at the coarser
scale is always lower than the maximum luminance at
the finer scale, the minimum is always higher. MBP ED
pyramid using structuring element of size 2 × 2 is mor-
phological Haar pyramid [17]. Symmetrized version of the
morphological Haar pyramid MBP ED uses structuring
element of size 3 × 3. A lower resolution image sj+1 of
the MBP ED pyramid representation, Fig. 2, is obtained
by applying morphological operator erosion on the pre-
vious pyramid level image sj and down-sampling it by

factor 2 on each image dimension (δ↓ ). The eroded im-
age at level j , sjE with the square structuring element
of size (2r + 1)× (2r + 1) is calculated as

sjE(m,n) = min{sj(m+ k, n+ l) | −r ≤ k, l ≤ r} ,

sj+1 = δ↓(sjE) .
(3)

A detail image is derived by subtracting from each level
an interpolated version of the next coarser level. The
image sj+1 of the next pyramid level is up-sampled by

factor 2 on each dimension (δ↑ ) leading to the image
sjU . Morphological operator dilation is applied on the
up-sampled image sjU to produce expanded image ŝj .
The detail image dj is obtained as the difference of the
low-pass pyramid image sj and expanded image from the
next level ŝj

sjU = δ↑(sj+1) ,

ŝj(m,n) = max{sjU (m− k, n− l) | −r ≤ k, l ≤ r} ,

dj = sj − ŝj .

(4)

Using square structuring element, morphological reduce
and expand filtering is implemented more efficiently sepa-
rably by rows and columns using the structuring elements
of size 1× (2r+1) for rows and (2r+1)× 1 for columns.
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Fig. 3. Reduced MP-PSNR is based on MSE between pyramids’ detail images at higher scales
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Fig. 4. Frames from multi-view video sequences: Book Arrival, Lovebird1 and Newspaper

In the second stage of the proposed multi-scale IQA
framework, squared error maps are calculated between
the detail images from higher scales of the two pyramids:
the reference image pyramid and the DIBR-synthesized
image pyramid. From the squared error maps, mean
squared errors are calculated and combined into the mul-
tiscale mean squared error which is transformed into mul-
tiscale peak signal-to-noise ratio in the third stage of the
multi-scale IQA framework.

Mean squared error (MSE) and peak signal-to-noise
ratio (PSNR) are simple and widely used full-reference
objective image distortion/quality metrics. The MSE re-
mains the standard criterion for the assessment of signal
quality and fidelity. It has a clear physical meaning —
it is the natural way to define the energy of the error
signal. The MSE is an excellent metric in the context
of optimization. Moreover, through the literature, com-
peting algorithms have most often been compared using
MSE/PSNR [18]. In this paper, MSE is proposed for dis-
tortion measurement of the pyramids’ bandpass images.
At pyramids’ scale j , MSEj is calculated as the mean
value of the squared error map between the reference
pyramid image dRj and the distorted pyramid image dDj

of size KjNj

MSEj =
1

NjKj

Kj
∑

k=1

Nj
∑

n=1

(

dRj(k, n)− dDj(k, n)
)2

. (5)

We propose to calculate multi-scale reduced pyramid
mean squared errorMPMSE as the average of MSEj val-
ues at three highest pyramids’ scales, Fig. 3

MPMSE =

M−1
∑

j=M−3

βjMSEj , (6)

where equal value weights βj = 1
3 are used and M is

the number of decomposition levels. Finally, MPMSE

is transformed into reduced morphological pyramid peak
signal-to-noise MPPSNR, where R is the maximum dy-
namic range of the image.

MPPSNR = 10 log10
R2

MP MSE
. (7)

Matlab implementation of MPPSNR is available on-
line [20].

3 RESULTS AND DISCUSSION

The performances of the reduced MPPSNR are eval-
uated using IRCCyN/IVC DIBR images database [13]
introduced in [1]. It contains frames from 3 multi-view
video sequences: Book Arrival (1024 × 768, 16 cameras
with 6.5 cm spacing), Lovebird1 (1024 × 768, 12 cam-
eras with 3.5 cm spacing) and Newspaper (1024 × 768,
9 cameras with 5 cm spacing). The frames from these se-
quences are shown on Fig. 4. The selected contents are
representative and used by MPEG also.

For each sequence four virtual views are generated on
the positions corresponding to those positions obtained
by the real cameras using seven depth image based ren-
dering algorithms, named A1–A7 [21–25]. One key frame
from each synthesized sequence is randomly chosen for
the DIBR images database [1]. For these key frames sub-
jective assessment in form of mean opinion scores (MOS)
is provided. The difference MOS (DMOS) is calculated
as the difference between the reference frame’s MOS and
the synthesized frame’s MOS. In the algorithm A1 [21],
the depth image is pre-processed by a low-pass filter,
borders are cropped and the image is interpolated to
reach its original size. Due to very noticeable object shift-
ing artefacts in the frames generated by algorithm A1,
these frames are excluded from the experiment. The fo-
cus remains on images synthesized using A2–A7 DIBR
algorithms and without registration procedure for image
alignment. The algorithm A2 is based on A1 except that
the borders are not cropped but in-painted. The algo-
rithm A3 [22] use in-painting method to fill in the miss-
ing parts in the virtual image which introduces blur in the
disoccluded area. This algorithm was adopted as the ref-
erence software for MPEG standardization experiments
in 3D Video group. The algorithm A4 performs hole-
filling method aided by depth information [23]. The al-
gorithm A5 uses a patch-based texture synthesis as the
hole-filling method [24]. The algorithm A6 uses depth
temporal information to improve synthesis in the disoc-
cluded areas [25]. The frames generated by algorithm A7
contain unfilled holes.

To compare the performances of the image quality
measures the following evaluation metrics are used: root
mean squared error between the subjective and objec-
tive scores (RMSE), Pearsons correlation coefficient with
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Fig. 5. Pearson’s correlation coefficients of pyramid images’ PSNR versus DMOS

Table 1. The best PSNR performances by pyramid scales for SE of
different sizes. The performances of PSNR calculated between the
reference images and the synthesized images are presented in the

last row

SE scale image RMSE PCC SCC

2×2 5 d4 0.3270 0.8792 0.8147
3×3 5 d4 0.3076 0.8939 0.8671
5×5 4 d3 0.3130 0.8899 0.8656
7×7 3 d2 0.3180 0.8862 0.8485
9×9 3 d2 0.3239 0.8816 0.8697

11×11 3 d2 0.3307 0.8763 0.8513
13×13 4 d3 0.3597 0.8517 0.7859

. . . . . . s0 0.4525 0.7519 0.6766

nonlinear mapping between the subjective scores and ob-
jective measures (PCC) and Spearman’s rank order cor-
relation coefficient (SCC). The calculation of DMOS from
given MOS and nonlinear mapping between the subjec-
tive scores and objective measures are done according to
the HDTV video quality evaluation models defined by
VQEG HDTV group [26].

We have investigated PSNR performances by pyra-
mid scales, between the appropriate pyramids’ images at
all pyramid scales. The reference image and the DIBR
synthesized image are decomposed into a set of lower
resolution pyramid images using morphological band-
pass pyramid decomposition with erosion/dilation as re-
duce/expand operation. At each pyramid scale, PSNR is
calculated between the appropriate detail images of the
two pyramids.

In order to find out how the PSNR is correlated to
subjective opinion by pyramid scales, PCC coefficients of
PSNR versus DMOS are calculated at all pyramid scales.
The tests are performed using SEs of different sizes for
morphological filtering in MBP ED pyramid decompo-
sition. Pearson’s correlation coefficients of PSNR versus
DMOS for pyramid images at all pyramid scales using
SEs of different sizes are shown on Fig. 5. From these bar
charts, it can be concluded that the objective quality of

an image is heavily dependent upon the scale at which the
image is analyzed. The Pearson’s correlation coefficients
of PSNR versus DMOS for lower resolution detail images
on higher pyramid scales are much better than for the
higher resolution images on lower pyramid scales. Also,
PSNR performances on higher pyramid scales are much
better than the PSNR performances for the case when the
PSNR is calculated between the original and the DIBR
synthesized images in the base band. For the morpholog-
ical pyramid decomposition using SE of size 2 × 2 and
3× 3, the best PSNR performances are obtained for the
case when the PSNR is calculated at pyramid scale 5 be-
tween detail images d4 (Fig. 5, two upper charts). Using
the morphological pyramid decomposition with SE of size
5× 5 the best PSNR performances are obtained at pyra-
mid scale 4 between detail images d3 (Fig. 5, the upper
right chart), while for the pyramid decomposition with
larger SE, the best PSNR performances are obtained at
pyramid scale 3 for detail images d2 , (Fig. 5, two lower
charts).

The best PSNR performances by pyramid scales for
different sizes of SE used in morphological pyramid de-
composition are shown in Table 1. For the morpholog-
ical pyramid decomposition using SE of size 3 × 3, the
best PSNR performances are achieved at pyramid scale 5,
Pearson correlation coefficient 0.89 and Spearman corre-
lation coefficient 0.867. It is shown in [18, 19] that MSE
shows poor performances in some cases when it is used as
single scale metric on the full resolution base band images.
In this paper, it is demonstrated that PSNR shows very
good agreement with human quality judgments when it
is calculated for lower resolution detail images on higher
scales of morphological bandpass pyramids.

Based on the results of PSNR performances calculated
separately by pyramid scales, it can be concluded that the
PSNR performances of lower resolution detail images on
higher pyramid scales are much better than the PSNR
performances of higher resolution detail images on lower
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Table 2. Performances of the reduced and full versions of MP-
PSNR

reduced MP-PSNR

SE levels RMSE PCC SCC

2×2 4–6 0.3660 0.8459 0.7775
3×3 3–5 0.3252 0.8806 0.8185
5×5 3–5 0.2936 0.9039 0.8634
7×7 3–5 0.2931 0.9042 0.8573
9×9 2–4 0.2997 0.8996 0.8614
11×11 2–4 0.2922 0.9048 0.8684
13×13 2–4 0.2920 0.9050 0.8684

full MP-PSNR

SE levels RMSE PCC SCC

2×2 6 0.4101 0.8019 0.7083
3×3 5 0.3996 0.8131 0.7101
5×5 5 0.3561 0.8549 0.7759
7×7 5 0.3264 0.8796 0.8050
9×9 4 0.3319 0.8753 0.8014
11×11 4 0.3165 0.8874 0.8175
13×13 4 0.3221 0.8830 0.8021

pyramid scales. Therefore, we propose reduced version of
MP-PSNR using only lower resolution detail images from
the higher pyramid scales. Reduced MP MSE is calcu-
lated as the average MSE of the three highest scales detail
images (6). The impact of structuring element’s size used
in morphological operations in MBP ED pyramid decom-
positions on MP-PSNR performances is investigated. The
performances of reduced MP-PSNR are calculated using
MBP ED pyramid decomposition with square SEs of dif-
ferent sizes from 2 × 2 to 13 × 13. More features are
removed from the image as larger SE is used. The per-
formances of the reduced MP-PSNR are presented in the
Table 2, top. For the MBP ED pyramid decomposition
using SE of size 2× 2, the reduced version of MP-PSNR
is calculated using only detail images from scales 4–6. For
the MBP ED pyramid decompositions using SEs of size
3×3, 5×5 and 7×7 the reduced version of MP-PSNR is
calculated using only detail images from scales 3–5. For
the MBP ED pyramid decomposition using SE of size
9 × 9, 11× 11 and 13 × 13, the reduced version of MP-
PSNR is calculated using only detail images from levels
2–4. The best result is obtained with reduced MP-PSNR
using MBP ED pyramid with SE of size 5× 5 (Pearson’s

90.39%, Spearman 86.3%). Scatter plot of nonlinearly
mapped reduced MP-PSNR versus DMOS for that case
is shown in Fig. 6. Each point represents one frame from
the DIBR database.

The performances of the full version of multi-scale met-
ric MP-PSNR using all pyramids’ images presented in [11]
are shown in the Table 2, bottom. The number of decom-
position levels for the best MP-PSNR performances de-
pends on the size of SE [11]. The highest correlation of the
full version of MP-PSNR with subjective scores, Pearson
0.887 and Spearman 0.817, is achieved using MBP ED
pyramid decomposition with SE of size 11 × 11 pixels.
The comparision of Pearson’s correlation coefficients of
the full and the reduced MP-PSNR versus DMOS for dif-
ferent sizes of SE is shown on Fig. 7. Reduced MP-PSNR
has better performances than its full version for SE of all
sizes. For instance, Pearson’s correlation coefficient of re-
duced MP-PSNR using SE of size 3× 3 is 6.75% higher
than Pearson’s correlation coefficient of full MP-PSNR.
Reduced MP-PSNR is computationaly more efficient than
its full version as the mean squared errors are calculated
only for lower resolution pyramid images.

3.1 The results summary

The performances of the the selected proposed metrics,
the commonly used 2D image quality assessment metrics
and the metric dedicated to synthesis-related artefacts,
3DswIM [3], are presented in Table 3. The considered
commonly used 2D metrics are: PSNR, universal qual-
ity index UQI [27], structural similarity index SSIM [28],
multi-scale structural similarity MS-SSIM [5], informa-
tion weighted IW-PSNR [6] and IW-SSIM [6]. Single-
scale structural similarity SSIM is calculated between
the original and the synthesized images using the mat-
lab code [29]. 3DswIM is calculated using the matlab
code [30]. Selected versions of the proposed metrics us-
ing morphological pyramid decompositions presented in
Table 3 are: PSNR calculated on scale 5 of the MBP
ED pyramid using SE of size 3 × 3; reduced and full
versions of MP-PSNR using SE of size 5 × 5 in pyra-
mid MBP ED decomposition. Selected versions of the
metrics based on morphological wavelet decompositions
[10] are: PSNR calculated on scale 6 between vertical
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Table 3. Performances of the selected proposed metrics and other metrics

RMSE PCC SCC

proposed metrics

PSNR(d4), SE = 3× 3 0.3076 0.8939 0.8671
reduced MP-PSNR SE = 5× 5 0.2936 0.9039 0.8634
full MP-PSNR SE = 5× 5 0.3561 0.8549 0.7759
PSNR(d61) using minLift wavelet [10] 0.3167 0.8872 0.8281

reduced MW-PSNR [10] 0.3188 0.8855 0.8298
full MW-PSNR [10] 0.3565 0.8545 0.7750

metric dedicated to DIBR synthesized images

3DswIM [3][30] 0.4868 0.7049 0.6396

commonly used 2D IQA metrics

PSNR 0.4525 0.7519 0.6766
IW-PSNR [6] 0.5267 0.6411 0.5320
UQI [27] 0.5199 0.6529 0.5708

SSIM [28][29] 0.5513 0.5956 0.4424
MS-SSIM [5] 0.5127 0.6649 0.5188
IW-SSIM [6] 0.5350 0.6265 0.4856

PCC

0.8

0.7

0.6

0.5

0.9

SSIM

MS-SSIM

PSNR

3DswIM

MW-PSNR

MP-PSNR

Fig. 8. Pearson’s correlation coefficients of the proposed metric and
other metrics versus DMOS

wavelet sub-bands of the two wavelet image representa-
tions using morphological min Lift wavelet; reduced and
full versions of MW-PSNR using morphological wavelet
decomposition with min Haar wavelet. The performances
of the proposed metrics are much better than the perfor-
mances of the commonly used 2D metrics and much bet-
ter than the performances of the synthesis-related metric,
3DswIM. The Pearson’s correlation coefficients of the se-
lected commonly used 2D metrics, 3DswIM, and the re-
duced versions of MP-PSNR and of MW-PSNR are shown
on Fig. 8.

3.2 Computational complexity of the reduced

MP-PSNR

Since the morphological operators used in morpholog-
ical multiresolution decomposition schemes involve only
integers and only max, min and addition in their compu-
tation the calculation of morphological pyramid has low
computational complexity. The calculation of MSE is of
low computational complexity, 1 subtraction, 1 multipli-
cation and 1 addition are needed per pixel. In case of
reduced MP-PSNR, MSE is calculated only for lower res-
olution detail images at higher pyramid scales. Therefore,
the calculation of reduced MP-PSNR is not computation-
ally demanding.

Morphological reduce and expand filtering in the mor-
phological pyramid decomposition scheme is implemented
with lower computational complexity in two steps, sep-
arably by columns and rows using SEs of size P × 1
pixels for columns and 1 × P pixels for rows, P =
2, 3, 5, 7, 9, 11, 13. In the reduce filtering, down-sampling
is performed after filtering by columns and after filter-
ing by rows. In the expand filtering, up-sampling is per-
formed before each filtering step, before filtering by rows
and before filtering by columns. For morphological reduce
filtering of the image with NK pixels, using operator
erosion with SE of size P × 1 by columns and 1 × P

by rows, 3
2 (P − 1)NK comparisons (C) are needed. The

same number of comparisons are needed for interpolation
expand filtering by morphological operator dilation. The
pyramid’s detail image is calculated as the difference of
the low-pass pyramid image and the expanded image of
the next pyramid’s scale using operator subtraction (S).
The number of operations for the calculation of the detail
image at first pyramid scale is (3(P − 1) · C + S) · NK .
The total number of operations for the calculation of mor-
phological bandpass erosion/dilation pyramid in L levels
is

(

3(P − 1)C + S
)

NK
(

1 +
1

22
+

1

24
+ · · ·+

1

22(L−1)

)

=
(

3(P − 1)C + S
)4

3
NK , L → ∞ . (8)

The number of operations for the calculation of mor-
phological bandpass ED pyramid depends on the size of
SE(P) as it is shown in Table 4. With the increase of
structuring element’s size, the computational complexity
increases.

The number of operations for the calculation of MSE
for the reduced version of MP-PSNR is shown in the up-
per part of Table 5 and for the full version of MP-PSNR in
the bottom part of Table 5. The computational complex-
ity of the reduced MP-PSNR is smaller than the compu-
tational complexity of the full MP-PSNR because mean
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Table 4. The number of operations for the calculation of the
morphological bandpass erosion/dilation pyramid. The image of size
NK is decomposed in L levels using SE of size 1 × P pixels by
rows and P × 1 pixels by columns. Operations subtraction (S),

comparision (C) are used

P (SE) L operations number for decomp.

2 6 (3C + S) 1365

1024
NK

3 5 (6C + S) 341

256
NK

5 5 (12C + S) 341

256
NK

7 5 (18C + S) 341

256
NK

9 4 (24C + S) 85

64
NK

11 4 (30C + S) 85

64
NK

13 4 (36C + S) 85

64
NK

Table 5. The number of operations for the calculation of MSE for
the reduced and full MP-PSNR. MBP ED pyramid decomposition
is performed in L levels using SE of size P ×P . MSE is calculated

using subtraction (S), multiplication (M) and addition (A)

P (SE) L operations number for MSE

reduced MP-PSNR

2 4–6 (S +M +A) 21

1024
NK

3 3–5
5 3–5 (S +M + A) 21

256
NK

7 3–5

9 2–4
11 2–4 (S +M + A) 21

64
NK

13 2–4

full MP-PSNR

2 6 (S +M +A) 1365
1024

NK

3 5
5 5 (S +M + A) 341

256
NK

7 5

9 4
11 4 (S +M + A) 84

64
NK

13 4

squared errors are calculated only for lower resolution de-
tail images at three highest pyramid scales for reduced
MP-PSNR while for the full MP-PSNR, mean squared
errors are calculated at all pyramid scales.

4 CONCLUSION

Most of the Depth Image Based Rendering (DIBR)
techniques produce images which contain non-uniform
geometric distortions affecting the edge coherency. This
type of distortions are challenging for common image
quality assessment metrics. We propose full-reference
metric based on morphological multi-scale pyramid de-
composition in order to better deal with specific geomet-
ric distortions in the DIBR synthesized images. Intro-
duced non-linear morphological filters maintain impor-
tant geometric information such as edges across different
resolution scales. The proposed metric measures the edge
distortion using MSE between the detail images from the

higher scales of two morphological pyramids: the refer-
ence image pyramid and the DIBR synthesized image
pyramid.

We show that PSNR has particularly good agreement
with human judgment when it is calculated between the
appropriate detail images at higher decomposition scales
of the two morphological pyramid image representations.
The tests are performed using IRCCyN/IVC DIBR im-
ages database. PSNR calculated on scale 5 of the MBP
ED pyramid using square structuring element of size 3x3
has very good performances (Pearson’s 0.894, Spearman
0.867). Reduced MP-PSNR achieves high improvement
of performances over standard image quality metrics and
over tested metric dedicated to synthesis-related arte-
facts. Reduced version of MP-PSNR using morphologi-
cal pyramid decomposition MBP ED with square struc-
turing element of size 5 × 5 achieves the improvement
15.2% of correlation over PSNR (Pearson’s 0.904, Spear-
man 0.863). It has also better performances and lower
computational complexity than the full version of MP-
PSNR. Reduced MP-PSNR using MBP ED with square
structuring element of size 5x5 achieves the improvement
4.9% of correlation over the full version of MP-PSNR.
Since the morphological operators involve only integers
and only min, max and addition in their computation, as
well as simple calculation of MSE, reduced MP-PSNR is
computationally efficient procedure.
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