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FDQM: Fast Quality Metric for Depth Maps
Without View Synthesis
Won-Dong Jang, Student Member, IEEE, Tae-Young Chung, Member, IEEE,
Jae-Young Sim, Member, IEEE, and Chang-Su Kim, Senior Member, IEEE

Abstract— We propose a fast quality metric for depth maps,
called fast depth quality metric (FDQM), which efficiently
evaluates the impacts of depth map errors on the qualities of
synthesized intermediate views in multiview video plus depth
applications. In other words, the proposed FDQM assesses view
synthesis distortions in the depth map domain, without performing the actual view synthesis. First, we estimate the distortions
at pixel positions, which are specified by reference disparities
and distorted disparities, respectively. Then, we integrate those
pixel-wise distortions into an FDQM score by employing a spatial
pooling scheme, which considers occlusion effects and the characteristics of human visual attention. As a benchmark of depth
map quality assessment, we perform a subjective evaluation test
for intermediate views, which are synthesized from compressed
depth maps at various bitrates. We compare the subjective results
with objective metric scores. Experimental results demonstrate
that the proposed FDQM yields highly correlated scores to the
subjective ones. Moreover, FDQM requires at least 10 times less
computations than conventional quality metrics, since it does not
perform the actual view synthesis.
Index Terms— 3-D video, depth map quality assessment, image
quality assessment, multiview video plus depth (MVD), spatial
pooling, virtual view synthesis.

I. I NTRODUCTION

R

ECENTLY, 3-D video technologies have been researched
intensively, and their various applications have been
developed, including 3-D television and free-view television. To represent 3-D scenes in these applications,
multiview sequences can be used, which are taken from
different viewpoints. A multiview sequence, however, requires
a larger amount of data than a single-view sequence. Moreover,
high-definition or ultrahigh definition television has become
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popular, which further increases the data requirement of multiview sequences. It is necessary to compress multiview video
sequences compactly [1].
The data size of a multiview video sequence is proportional
to the number of views. Thus, the multiview video plus
depth (MVD) format [2] was proposed to reduce the number
of views. In the MVD format, typically two or three views
of color and depth videos are encoded, and an intermediate
view from an arbitrary viewpoint is synthesized from the
encoded views using the depth-image-based rendering (DIBR)
techniques [3]. In DIBR, 3-D points are reconstructed from
pixels in the encoded views and then projected onto the intermediate view. Various attempts have been made to compress
MVD data [4]–[7]. The performance of an MVD compression
algorithm is typically evaluated by measuring the qualities of
2-D synthesized intermediate views. Specifically, a reference
intermediate view is synthesized using original color and depth
maps, and its distorted version is synthesized from compressed
color and depth maps. Then, the difference between the reference (or error-free) view and the distorted view is computed
using a 2-D image quality metric. However, this process should
perform the computationally heavy view synthesis twice. It is
desirable to develop an efficient quality metric for synthesized
views without the actual view synthesis, although there are
various conventional metrics [8]–[10].
In this paper, we investigate the effects of depth map
compression errors on the qualities of 2-D synthesized views
in MVD applications. Then, we propose a fast depth quality
metric (FDQM) for erroneous depth maps. Based on the
assumption of local disparity constancy, we estimate the distortions of synthesized views, caused by depth errors, without the
actual view synthesis. We compute pixel-wise distortions and
integrate them into an FDQM score using a spatial pooling
scheme, which reflects occlusion effects and human visual
system (HVS) characteristics. For the performance evaluation,
we compress depth maps with various quantization parameters
(QPs) and synthesize intermediate views from the compressed
maps. We perform a subjective evaluation test to assess the
qualities of the distorted intermediate views in comparison
with the error-free ones. We measure the correlation of
the subjective scores to the objective scores of the proposed
FDQM and several conventional quality metrics, respectively.
The test results show that FDQM is highly correlated to
the subjective assessment and yields comparable or better
performance than the conventional metrics, while demanding
significantly less computations.
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The remainder of this paper is organized as follows.
Section II reviews conventional image quality metrics.
Section III describes how to estimate view synthesis distortions
without the actual view synthesis. Section IV presents the proposed FDQM for depth maps. Section V provides experimental
results. Finally, Section VI concludes this paper and discusses
future work.
II. R ELATED W ORK
The peak signal-to-noise ratio (PSNR) is a widely used
image quality metric. However, since PSNR poorly correlates
with human perception characteristics in many cases [11],
many alternative quality metrics have been developed. This
section briefly surveys conventional metrics for the quality assessment of ordinary 2-D images or stereoscopic
3-D images. More detailed survey and evaluation of image
quality metrics can be found in [8]–[10].
A. 2-D Image Quality Assessment
Numerous 2-D image quality metrics have been proposed.
For example, Teo and Heeger [12] introduced a perceptual
distortion measure by modeling the response properties of
neurons in the primary visual cortex and the psychophysics of
spatial pattern detection. Lai and Kuo [13] proposed a quality
measure, which uses the Haar wavelet to model the spacefrequency localization of HVS. Damera-Venkata et al. [14]
developed the noise quality measure (NQM). It first performs the image restoration on a reference image, as well
as on a degraded image, and then measures the contrast difference between the restored images at various
scales. Wang and Bovik [15] proposed the universal quality
index (UQI), which considers structural distortions as well as
luminance distortions. Wang et al. [16] generalized UQI and
developed the structural similarity (SSIM). Wang et al. [17]
also proposed the multiscale SSIM (MS-SSIM) to compute
SSIM at different image scales. Wang and Li [18] introduced
the information content weighted PSNR (IW-PSNR) and the
information content weighted SSIM (IW-SSIM) by applying
a statistical weighting scheme to the conventional metrics of
PSNR and SSIM. Sheikh et al. [19] presented the information
fidelity criterion (IFC), which measures the mutual information
between reference and distorted signals. Sheikh and Bovik [20]
developed the visual information fidelity (VIF), which computes the mutual information between a reference signal and
a perceived signal based on HVS modeling.
In addition, Shnayderman et al. [21] introduced the
singular value decomposition based quality metric (M-SVD),
which measures the squared differences between the singular values of reference and distorted image blocks. Ponomarenko et al. [22] proposed the HVS-based PSNR (PSNRHVS-M), which exploits the contrast sensitivity masking property in the discrete cosine transform domain. Chandler and
Hemami [23] proposed a wavelet-based metric, called visual
signal-to-noise ratio (VSNR), which considers HVS properties, such as distortion contrast and global precedence. Larson and Chandler [24] employed two separate measures, one
for low-quality images and the other for high-quality images,

and combined them into an overall metric, called most apparent distortion (MAD). Zhang et al. [25] proposed the feature
similarity (FSIM), which uses the features of phase congruency and gradient magnitude to measure the similarity between
reference and distorted images. Liu et al. [26] developed a
quality metric based on gradient similarity (GSM), which combines luminance similarity and GSM together. Wu et al. [27]
introduced a perceptual quality metric based on the internal
generative mechanism (IGM), which models visual information degradation and uncomfortable sensation. Xue et al. [28]
measured a gradient magnitude similarity to design an
image quality metric, called gradient magnitude similarity
deviation (GMSD).
These general 2-D image quality metrics can be used for
the assessment of depth maps in MVD applications. On the
one hand, we may measure the difference between a reference depth map and its distorted version directly, but this
cannot reflect the qualities of synthesized intermediate views
accurately. On the other hand, we may use the metrics to
measure the difference between reference and distorted intermediate views, which are synthesized from error-free and
erroneous depth maps, respectively. In this case, however,
the view synthesis should be carried out, requiring
high-computational complexity.
Recently, Conze et al. [29] proposed the VSQA metric
to assess synthesized intermediate views in multiview video
applications. It measures the quality of a synthesized view
using a weighted SSIM score, where the weights are determined based on color intensity, orientation diversity, and
contrast. However, VSQA mainly assesses the rendering capabilities of various DIBR techniques, rather than the effects of
compression errors in multiview video sequences.
B. 3-D Image Quality Assessment
There have been several studies on the 3-D quality assessment of stereoscopic images, which can be regarded as image
frames of double-view video sequences. Benoit et al. [30]
measured the distortion of a depth map, as well as those
of left and right images. De Silva et al. [31] presented a
stereoscopic video quality metric, called stereoscopic structural distortion, which considers structural distortions, blur
distortions, and depth distortions jointly. Hewage et al. [32]
analyzed the qualities of stereoscopic images, which were
synthesized from erroneous color and depth images. Based
on this paper, Joveluro et al. [33] proposed a quality metric
considering luminance and contrast differences.
Notice that all these metrics for stereoscopic images
assess the qualities of 3-D images, which are rendered on
3-D monitors and watched with special glasses. However, as
mentioned previously, in MVD applications, the performance
of a compression algorithm is typically evaluated by measuring
the qualities of 2-D synthesized views. In such a case, we need
a proper 2-D quality metric for synthesized views.
C. Summary
Whereas there are many quality metrics for 2-D images and
several metrics for stereoscopic 3-D images, little work has
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been done to develop a specific quality metric for depth maps
in MVD applications. Depth errors have different impacts on
synthesized intermediate views than color errors; a small error
in a depth map may lead to severe degradation in a synthesized
view. These properties of depth data have not been considered
systematically in the conventional metrics. In this paper, we
propose a fast quality metric for depth maps, FDQM, which
measures the impacts of depth map errors on the qualities
of 2-D synthesized views efficiently.
III. E STIMATION OF V IEW S YNTHESIS D ISTORTIONS
A. View Synthesis and Its Complexity
Let us first describe a simple view synthesis procedure.
An intermediate view is synthesized by warping left and right
views using disparities. Let p be a pixel in the right view.
In addition, let d(p) be the disparity at p, which is determined
from the depth z(p) via

 T
 

1
1
z(p) 1
−
(1)
+
,0
d(p) = lb
255 z n
zf
zf
where l is the focal length, b is the baseline distance between
the right view and the intermediate view, and z n and z f denote
the nearest and the farthest depths, respectively [6]. Then, the
color Jright of the intermediate view is synthesized from the
right view Iright via
Jright (p + d(p)) = Iright (p).

(2)

In addition, the synthesized view Jleft is symmetrically
obtained from the left view Ileft . Then, Jright and Jleft are
blended together to yield the final intermediate view
J (p) = λJright (p) + (1 − λ)Jleft (p)

(3)

where λ specifies the relative position of the intermediate view
between the left and right views.
We analyze the computational complexity of this simple
view synthesis. Let Ca and Cm denote the complexity of a
single addition and a single multiplication, respectively. First,
the depth-to-disparity conversion in (1) is required for all
pixels in both left and right views, resulting in the complexity
of 2N(Ca + Cm ), where N is the number of pixels in a view.
Second, the warping in (2) is done with one addition per pixel,
requiring the complexity of 2NCa for both views. Note that
a warped image may contain holes, when matching pixels are
unavailable in the original view. In addition, occlusion may
occur, when two or more color values are warped to the same
pixel position. Therefore, hole filling and occlusion handling
are necessary to generate a complete warped image. However,
assuming they are not performed in the simple view synthesis,
we exclude their computational complexities in this analysis.
Third, the blending in (3) demands two multiplications and one
addition. Thus, the complexity of N(Ca + 2Cm ) is required for
combining the two warped images. Consequently, the overall
complexity
Csyn = 5NCa + 4NCm

(4)

is required to render an intermediate frame. Notice
that Csyn in (4) should be regarded as a low bound for the view

Fig. 1. Effects of depth map errors on view synthesis results. Color images
in the left and right views are warped using depth maps and then blended
to synthesize an intermediate view. The reference blending result (top) is
obtained from the error-free depth maps, and the distorted blending result
(bottom) is obtained from the erroneous depth maps distorted by compression
errors. The distorted blending result is degraded severely near the object
boundary.

synthesis complexity. More sophisticated view synthesizers
demand much more computations. For example, the view
synthesis reference software (VSRS) [34], commonly used
in 3-D video communications, demands a significantly higher
complexity due to additional operations, such as homography
computation, hole filling, and boundary noise removal.
B. View Synthesis Distortion Model
In MVD data communications, the encoder compresses and
transmits color and depth videos in the left and right views, and
the decoder synthesizes an intermediate view from the received
color and depth videos. Compression errors in depth maps
affect the qualities of synthesized views. As shown in Fig. 1,
distorted depth maps cause severe artifacts in synthesized
views, especially along object boundaries. To measure the
distortions in a synthesized view, we may perform the view
synthesis procedure in Section III-A directly. However, even
the simple synthesis requires the complexity in (4), which
may be burdensome in applications. In addition, as mentioned
above, more sophisticated synthesizers demand even higher
complexities, and using these synthesizers is not feasible.
It is hence desirable to estimate the effects of depth errors
on synthesized views without the actual view synthesis. For
example, suppose that we should determine a QP for a depth
map during the encoding of an MVD sequence. For the
rate-distortion optimization, we should estimate the quality of
a synthesized view for each candidate QP. If the estimation is
possible with less computations than the actual view synthesis,
the computational burden of the rate-distortion optimization
can be reduced significantly.
Our view synthesis distortion model estimates the qualities
of synthesized views faithfully from the distortions of depth
maps without the actual view synthesis, but requires an even
lower complexity than the simple synthesis in Section III-A.
For the sake of simplicity, we describe the view synthesis from
the right view only, omit the subscript right from notations, and
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However, a single candidate I (p1 ) may not be a reliable
estimator of J˜(u0R ). Therefore, we obtain more candidates.
As shown in Fig. 2, p1 is matched to
u1D = p1 + d D (p1 )

Fig. 2. Distortion estimation at a reference pixel position u0R in a synthesized
view. Pixel u0R corresponds to pixel p0 in a right view via a reference disparity,
indicated by a solid arrow. Dotted arrows depict distorted disparities.

use I and J instead of Iright and Jright . Our distortion model
considers only the pixel positions in the right view that match
valid pixel positions in the synthesized view. In other words,
if a pixel in the right view corresponds to a pixel position
outside the synthesized view, its distortion is not considered.
Let P and Q denote the sets of pixels in the right view, which
are mapped to valid pixel positions in the synthesized view by
reference (or error-free) disparities and distorted disparities,
respectively. We refer to the valid pixel positions in the
synthesized view, which correspond to P and Q, as reference
pixel positions and distorted pixel positions, respectively. Let
us estimate the view synthesis distortions at the reference pixel
positions and at the distorted pixel positions subsequently.
1) Distortions at Reference Pixel Positions: Given a pixel
position p0 ∈ P in the right view I , the reference disparity d R (p0 ), which is depicted by a solid arrow in Fig. 2,
determines the reference pixel position u0R at the synthesized
view J
u0R = p0 + d R (p0 ).

(5)

The true pixel value J (u0R ) at u0R should be identical
with I (p0 ). However, errors in the depth map may distort
the reference disparity, yielding a different reconstruction
value J˜(u0R ) at u0R . We attempt to estimate the distortion |J (u0R ) − J˜(u0R )| efficiently without the actual view
synthesis.
Suppose that the reference disparity d R (p0 ) is reconstructed
to a distorted disparity d D (p0 ) in the decoder, which is
depicted by a dotted arrow in Fig. 2. It matches a wrong pixel
u0D to p0 , given by
u0D = p0 + d D (p0 ).

(6)

To estimate the reconstruction value J˜(u0R ), we assume that
the distorted disparities of neighboring pixels of p0 are identical with d D (p0 ). Under this assumption of local disparity
constancy, p1 in the right view, which is at the distance of
the disparity difference (u0R − u0D ) from p0 , would match u0R
in Fig. 2. In other words, we have


(7)
p1 = p0 + u0R − u0D
= p0 + d R (p0 ) − d D (p0 )

(8)

and I (p1 ) is an estimate of the reconstruction value J˜(u0R ) at
the reference pixel position u0R .

(9)

by the distorted disparity d D (p1 ). We again assume that the
distorted disparities of neighboring pixels of p1 are equal
to d D (p1 ). Then, as in (8)


(10)
p2 = p1 + u0R − u1D
= p0 + d R (p0 ) − d D (p1 )

(11)

would match u0R , and I (p2 ) becomes another estimator
of J˜(u0R ). In this way, I (p1 ) is the first-order estimator
of J˜(u0R ), and I (p2 ) is the second-order estimator of J˜(u0R ).
Then, p2 is matched to
u2D = p2 + d D (p2 )

(12)

by the distorted disparity d D (p2 ). In the example of Fig. 2,
u2D equals u0R , and thus the second-order estimator
I (p2 ) exactly equals J˜(u0R ).
We generalize this estimation scheme in (8) and (11) to
obtain higher order estimators recursively


D
(13)
pi = pi−1 + u0R − ui−1
= p0 + d R (p0 ) − d D (pi−1 ),

i = 1, 2, 3, . . .

and I (pi ) becomes the i th-order estimate of
matched to
uiD = pi + d D (pi ),

J (u0R ).

(14)

Then, pi is

i = 1, 2, 3, . . .

(15)

We obtain the overall estimator of the reconstruction value
J˜(u0R ) by combining these candidates I (pi )’s linearly. As the
distance u0R −uiD  gets shorter, I (pi ) becomes a more reliable
estimator for J˜(u0R ). Thus, we employ an exponential weight
function
ϕ(p0 , pi ) = e−u0 −ui
R

D

Jˆ(u0R )

and determine the overall estimator
of
m(p0 )
ϕ(p0 , pi )I (pi )
Jˆ(u0R ) = i=1
m(p0 )
i=1 ϕ(p0 , pi )

(16)
J˜(u0R )

as
(17)

where m(p0 ) denotes the number of employed candidates I (pi )’s. Consequently, we estimate the distortion at
the reference pixel position u0R as the squared difference
(J (u0R ) − Jˆ(u0R ))2 between the true value J (u0R ) = I (p0 )
and the estimated reconstruction value Jˆ(u0R ).
It is worth pointing out that all terms in (14)–(17) are
computed without requiring the view synthesis. The proposed
model, hence, does not perform the actual view synthesis to estimate the distortions in synthesized pixel values.
Furthermore, the proposed model has the desirable locking
property that, if the i ∗ th order estimator is accurate, all higher
order estimators are also accurate. Specifically, suppose that
the i ∗ th order estimator I (pi ∗ ) equals J˜(u0R ), i.e., u0R = uiD∗ .
Then, pi ∗ +1 = pi ∗ from (13), and all estimators with higher
orders than i ∗ become identical to the true reconstruction
value J˜(u0R ). This indicates that our recursive estimation tends
to converge to the true value.
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Fig. 3. Distortion estimation at a distorted pixel position v0D in a synthesized
view. Pixel v0D corresponds to pixel q0 in a right view via a distorted disparity,
indicated by a dotted arrow. Solid arrows depict reference disparities.

2) Distortions at Distorted Pixel Positions: Next, we estimate the view synthesis distortion at each distorted pixel
position. To this end, in contrast to the model in Fig. 2,
we exchange the roles of reference disparities and distorted
disparities. As shown in Fig. 3, let q0 ∈ Q be a pixel position
in the right view. It is mapped to a distorted pixel position
v0D = q0 + d D (q0 )

(18)

in the synthesized view by the distorted disparity d D (q0 ). The
corresponding reference pixel position
v0R = q0 + d R (q0 )

(19)

is determined by the reference disparity d R (q0 ). From (18),
the reconstruction value J˜(v0D ) is equal to I (q0 ).
To compute the distortion |J (v0D ) − J˜(v0D )| at the distorted
pixel position v0D , we should estimate the true value J (v0D ),
which is obtained using a reference disparity. We assume
that the reference disparities of neighboring pixels of q0 are
identical with d R (q0 ). Then


(20)
q1 = q0 + v0D − v0R
= q0 + d D (q0 ) − d R (q0 )

(21)

Thus, I (q1 ) becomes the first-order estimawould match
tor of J (v0D ). In general, as in (14), we have the recursion
v0D .

qi = q0 + d D (q0 ) − d R (qi−1 ),

i = 1, 2, 3, . . .

(22)

and I (qi ) becomes the i th-order estimator of J (v0D ). The
corresponding pixel viR in the synthesized view is given by
viR = qi + d R (qi ),

i = 1, 2, 3, . . .

(23)

In the example of Fig. 3, the second-order estimator I (q2 )
becomes identical to the true value J (v0D ). Then, because of
the locking property of the recursion in (20), all estimators
with higher orders than 2 also become identical to J (v0D ).
Next, we obtain the overall estimator Jˇ(v0D ) of the true
value J (v0D ) by combining the candidates I (qi )’s, which is
given by
n(q0 )
ψ(q0 , qi )I (qi )
(24)
Jˇ(v0D ) = i=1
n(q0 )
ψ(q
,
q
)
0
i
i=1
where
ψ(q0 , qi ) = e−v0 −vi
D

R

(25)

Fig. 4. Boundary region detection for the adaptive distortion estimation.
White pixels depict boundary pixels, whereas black pixels represent smooth
regions. (a) Cafe. (b) Hall2. (c) Street.

and n(q0 ) denotes the number of employed candidates I (qi )’s.
Finally, we estimate the view synthesis distortion at the
distorted pixel position v0D as the squared difference
( Jˇ(v0D )− J˜(v0D ))2 between the estimated true value Jˇ(v0D ) and
the reconstruction value J˜(v0D ) = I (q0 ). Again notice that all
terms in (22)–(25) are computed without the view synthesis.
C. Computational Complexity of Distortion Estimation
We analyze the computational complexity of the proposed
view synthesis distortion model. First, the depth-to-disparity
conversion in (1) requires the complexity of 2N(Ca + Cm )
for the distorted depth maps of the left and right views. Next,
we should compute Jˆ(u0R ) in (17). When d R (p0 ) and d D (p0 )
are identical, there is no view synthesis distortion and we skip
computing Jˆ(u0R ). Thus, we estimate Jˆ(u0R ) selectively for
only 2α N pixels in the left and right views. Here, α is the
ratio of the pixels, whose reference disparities are different
from distorted ones, to all pixels in a view.
The complexity for computing Jˆ(u0R ) is proportional to the
number m(p0 ) of candidate pixel values in (17). We control
m(p0 ) adaptively. In smooth regions, where the disparities of
neighboring pixels are similar, a small m(p0 ) is sufficient to
estimate the reconstruction pixel values reliably. In contrast,
near object boundaries, disparities tend to be irregular and a
large m(p0 ) is required. Thus, we first detect boundary regions
that exhibit large gradient magnitudes of reference disparities.
Then, we set m(p0 ) = 3 for the boundary pixels, and
m(p0 ) = 1 otherwise.
To detect boundary regions, we first subsample a reference depth map with a sampling ratio of 1/8 in each
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Fig. 5. Comparison of the computational complexities of the proposed algorithm and the simple view synthesis in terms of QP. The x-axis represents QPs
and the y-axis denotes coefficient values. Dot and x marks are the coefficients (2 + 8α + 32αβ) and (2 + 16αβ) for the complexity Cprop of the proposed
algorithm, whereas solid and dashed lines depict the fixed coefficients 5 and 4 for the complexity Csyn of the simple view synthesis scheme in Section III-A.
(a) Akko & Kayo. (b) Book Arrival (c) Cafe. (d) Champagne. (e) Hall2. (f) Kendo. (g) Lovebird1. (h) Mobile. (i) Panto. (j) Street.

x- or y-direction. Then, we compute gradient magnitudes in
the subsampled depth map using the Sobel operators. Then,
we interpolate the gradient magnitude map to the original
size and detect the boundary regions by thresholding. The
subsampling/interpolation process is performed to detect pixels
in the vicinity of sharp edges as boundary ones.
Fig. 4 shows detected boundary regions. Note that the
boundary regions are small as compared with the whole
image size. For each boundary pixel, we perform 6Ca to
determine three candidate pixels recursively via (14) and use
4Ca and 4Cm for the weighted averaging in (17). For each
nonboundary pixel, we need 2Ca only to find a single
pixel value, which is directly utilized as Jˆ(u0R ).
Consequently, the computational complexities to compute
Jˆ(u0R ) for boundary pixels and nonboundary pixels in both
views are 2αβ N(10Ca + 4Cm ) and 2α(1 − β)N · 2Ca ,
respectively, where β denotes the ratio of boundary pixels
to the pixels, whose reference disparities are different from
distorted ones.
We apply the same technique to set n(q0 ) in (24). Hence,
computing Jˇ(v0D ) requires the same complexity as computing Jˆ(u0R ). To summarize, the proposed algorithm requires
the overall complexity of
Cprop = 2N(Ca + Cm ) + 2{2αβ N(10Ca + 4Cm )
+ 2α(1 − β)N · 2Ca }
= (2 + 8α + 32αβ)NCa + (2 + 16αβ)NCm

(26)

to estimate the distortions at reference pixel positions and
distorted pixel positions in a synthesized view.
The main objective of the proposed algorithm is to estimate
the qualities of synthesized views, while encoding depth maps.
The encoder typically compresses each depth map many times
with various modes and QPs and chooses the best mode and
QP to provide the optimal rate-distortion performance. It is
essential to reduce the complexity of the mode decision or the

rate-distortion optimization. In such a case, the proposed algorithm is useful since it can estimate view synthesis distortions
efficiently without the actual view synthesis. In this case, the
boundary region detection can be performed only once as a
preprocessing step using reference disparities. Moreover, we
empirically observe that the boundary detection consumes only
4%–8% of the total computational time of FDQM. Therefore,
we ignore its complexity in (26). For the same reason, we
also ignore the complexity of the reference depth-to-disparity
conversion of the proposed algorithm in (26).
Fig. 5 compares the complexity Cprop of the proposed
algorithm in (26) with the complexity Csyn of the simple view
synthesis scheme in (4). Specifically, it plots the coefficients
(2 + 8α + 32αβ) and (2 + 16αβ) in (26), where α and β are
measured from each sequence. The coefficients (2+8α+32αβ)
and (2 + 16αβ) are <5 and 4, respectively, yielding
Cprop < Csyn for most QPs. The exceptions are high QPs,
which are rarely used for depth compression. This indicates
that the proposed algorithm can estimate view synthesis
distortions with an even lower computational complexity
than the simple view synthesis scheme in Section III-A.
Moreover, the commonly used view synthesis method,
VSRS [34], requires a significantly higher computational
complexity than Csyn . By avoiding the sophisticated view
synthesis, the proposed algorithm can reduce the huge computational burden. This is possible because we estimate view
synthesis distortions adaptively at selected pixels only, assuming that disparities are locally consistent among neighboring
pixels.
IV. Q UALITY A SSESSMENT FOR D EPTH M APS
We design an efficient quality metric, FDQM, for erroneous
depth maps. Fig. 6 is the block diagram for the FDQM computation. First, we convert reference and distorted depth values
into reference and distorted disparities. Second, we measure
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Block diagram for the proposed FDQM computation.

the distortions of synthesized pixels, caused by disparity
errors. Finally, we employ a spatial pooling scheme to integrate
the pixel-wise distortions to yield an FDQM index.
A. Pixel-Wise Distortions
For each p0 ∈ P, we measure the distortion  R (p0 ) at
the reference pixel position u0R in the synthesized view as
the normalized squared difference between the true pixel
value J (u0R ) = I (p0 ) and the estimated reconstruction
value Jˆ(u0R ) in (17)

2
I (p0 ) − Jˆ(u0R )
.
(27)
 R (p0 ) =
255
Similarly, for each q0 ∈ Q, we measure the distortion  D (q0 )
at the distorted pixel position v0D as the difference between the
reconstructed pixel value J˜(v0D ) = I (q0 ) and the estimated
true value Jˇ(v0D ) in (24)

2
I (q0 ) − Jˇ(v0D )
D
 (q0 ) =
.
(28)
255
These pixel-wise distortions are measured from the left view
and the right view, respectively, as shown in Fig. 6. Note that
0 ≤  R (p0 ),  D (q0 ) ≤ 1.
B. Spatial Pooling
While the conventional metrics in [12]–[14] and
[22]–[24] model HVS to consider perceptual attributes,
FDQM is basically a pixel-wise distortion assessment
scheme. The pixel-wise assessment may poorly correlate
with HVS. To alleviate this problem, we attempt to reflect
perceptual attributes of HVS by employing a simple spatial
pooling technique.
Spatial pooling techniques [18], [35], [36] attempt to estimate visual qualities more faithfully by exploiting the property
that HVS perceives pixel distortions in a spatially varying
manner. However, the conventional pooling techniques can
measure the qualities of color images only. We propose a
spatial pooling scheme for the quality assessment of erroneous

Fig. 7. Occlusion at pixel u0R in the synthesized view. Two pixels p0 and p1
in the right view are matched to the same pixel u0R by the disparities d R (p0 )
and d R (p1 ).

depth maps. In other words, we obtain a weighted sum of
the pixel-wise distortions in (27) and (28). To determine
spatially varying weights, we exploit the tendency that HVS
is more attracted to object boundaries than to smooth regions.
In general, object boundaries exhibit large gradient magnitudes
in both color and disparity images. Thus, we use the disparity
gradient map, computed in Section III-C. In addition, we adopt
the same subsampling/interpolation process to obtain a color
gradient map. Then, we increase pooling weights for pixels,
which have bigger gradient magnitudes in color or disparity.
In addition, we consider occlusion effects in determining
the pooling weights. Suppose that two pixels p0 and p1 in the
right view are matched to the same pixel u0R in the synthesized
view via reference disparities, as shown in Fig. 7. Let dxR (p)
be the horizontal component of a reference disparity d R (p).
In this example, since |dxR (p0 )| < |dxR (p1 )|, the synthesized
color Jˆ(u0R ) should be determined by I (p1 ) instead of I (p0 )
due to the occlusion. This indicates that a bigger disparity
contributes more to a synthesized view than a smaller disparity does in general. Therefore, we define a pooling weight
w R (p) for the pixel-wise distortion  R (p) at a reference pixel
position p ∈ P as
w R (p) = d xR (p) (ρ f (p) + (1 − ρ)g(p))

(29)

where f (p) and g(p) denote the gradient magnitudes of the
color and the reference disparity, respectively. In addition,
ρ controls the importance between f (p) and g(p). In this
paper, ρ is experimentally fixed to 0.1. Note that, for scaling
purpose, dxR (p), f (p), and g(p) are prenormalized into the
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TABLE I
P ROPERTIES OF T EST M ULTIVIEW S EQUENCES

Fig. 8. Pooling weight maps, in which red and blue pixels represent large
and small weights, respectively. (a) Champagne. (b) Lovebird1. (c) Mobile.

range of [0, 1], respectively. To summarize, in (29), a pixel is
assigned a bigger weight, when it has a larger disparity and
larger gradient magnitudes in the color and disparity images.
Fig. 8 shows examples of pooling weights. We see that object
boundaries at near distances are associated with large pooling
weights.
Similarly, we obtain a weighted sum of the pixel-wise
distortions at distorted pixel positions in (28). As in (29), we
define a pooling weight w D (q) for q ∈ Q as
w D (q) = d xD (q) (ρ f (q) + (1 − ρ)g(q))

(30)

where d xD (q) is the horizontal component of the distorted
disparity d D (q).
Finally, we integrate the pixel-wise distortions with the
pooling weights into an overall distortion measure
 D

R
R
w (q) D (q)
p∈P w (p) (p) +
(P, Q) =
where 0 ≤



q∈Q

R
p∈P w (p) +



w D (q)

(31)

q∈Q

(P, Q) ≤ 1.

C. FDQM
Let Pleft and Pright denote the sets of P in the left and right
views, and Qleft and Qright denote the sets of Q in the left and
right views, respectively. We measure the view synthesis distortions (Pleft , Qleft ) and (Pright , Qright ) from the erroneous
depth maps for the left and right views, respectively. By representing the result in the decibel unit, we obtain the

Fig. 9. Relation between Z scores and DMOSs on (a) Akko & Kayo and
(b) Cafe. For each QP, the averaged initial DMOS of all subjects is represented
by a blue circle with its 95% confidence interval. The x-coordinate of a
blue circle denotes the averaged Z score. The red line represents the optimal
fitting line between the Z scores and the DMOSs.

FDQM score
FDQM
= 10 log10

λ·

1
(Pright , Qright ) + (1 − λ) ·

(Pleft , Qleft )
(32)

where λ specifies the location of the intermediate synthesized
view between the left and right views. Notice that low distortions correspond to a high FDQM score.
V. E XPERIMENTAL R ESULTS
We evaluate the performance of the proposed FDQM using
10 multiview sequences: Akko & Kayo, Book Arrival, Cafe,
Champagne, Hall2, Kendo, Lovebird1, Mobile, Panto, and
Street. We use the provided depth maps of Akko & Kayo, Book
Arrival, and Kendo, and generate depth maps for the other
sequences using the depth estimation reference software [34]
with the default configuration. Table I summarizes properties
of the test sequences. The order of views in the Street sequence
is reversed as compared with the other sequences. We assess
the qualities of intermediate views at the center position
between left and right views, i.e., λ = 0.5. We assume that
color images are uncompressed and error-free, whereas depth
maps are encoded using the 3-D video test model based on
advanced video coding (3DV-ATM) reference software [37]
in the intra mode with 30 different levels of QP from 21
to 50. Then, FDQM estimates the quality of each distorted
intermediate view, synthesized from true color images and
compressed depth maps, in comparison with the reference
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Relation between the subjective scores (DMOSs) and the objective scores after regression.

intermediate view, synthesized from true color images and
true depth maps. However, FDQM does not perform the
actual view synthesis. On the contrary, the conventional

quality metrics [16]–[20], [23], [25], [26] should synthesize
intermediate views to assess their qualities. For the view
synthesis, VSRS [34] is employed.
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Fig. 11. Synthesized views with different QPs and their quality assessment results on Cafe (top) and Mobile (bottom). For each metric, the higher score
between the two different QPs is typed in boldface.

To evaluate the performance of each quality metric, we
compute the correlation between objective scores of the metric
and subjective scores from human assessment. All experiments
are performed on a standard PC with a 2.6-GHz quad core
processor and 8-GB memory.
A. Subjective Assessment
We use the simultaneous double stimulus for continuous evaluation method, recommended by the International Telecommunication Union - Radiocommunication (ITUR) [38], which shows a reference image and a distorted
image on a single display at the same time for subjective comparison. In other words, we show a reference synthesized view and a distorted synthesized view simultaneously, and human subjects judge the quality of the distorted view by selecting a score within the range [0, 100].
For unbiased assessment, we shuffle the orders of distorted views randomly. We divide the 10 test sequences
into two sets, {Akko & Kayo, Book Arrival, Hall2, Kendo,
Pantomime} and {Cafe, Champagne, Lovebird1, Mobile,
Street}, which are tested, respectively, by 18 and 29 undergraduate or graduate students who are inexperienced with
image quality assessment. Each subject assesses the qualities
of 150 distorted views from the five test sequences with the
30 different QP levels. We limit the whole experimental time
for each human subject to 30 min as recommended in [38].
The source code of FDQM, the test dataset, and the subjective
scores are available at our project website.1
For each test with a given sequence and a given QP, we first
remove outlier scores. A score is declared as an outlier when it
is not within 1.15 standard deviations from the average score
1 Available at: http://mcl.korea.ac.kr/projects/FDQM/.

of all subjects. The scores after the outlier removal serve as
initial difference mean opinion scores (DMOSs). In Fig. 9,
the averaged initial DMOSs and 95% confidence intervals
are shown as blue circles and bars, respectively. Thus, for
each sequence, there are 30 blue circles corresponding to
the 30 different QPs. However, note that a higher DMOS
does not always correspond to a lower QP (a higher bit-rate).
Next, to alleviate the bias of the subjects, we compute the
standardized Z score of an initial DMOS using the method
in [39]. Specifically, for each subject, we compute the mean
and standard deviation of the initial DMOSs across all QPs.
We subtract the mean from an initial DMOS, and then divide
it by the standard deviation. The Z scores of all subjects for
each QP are then averaged together to yield the averaged
Z score, which is represented by the x-coordinate of each
blue circle in Fig. 9. We use the least squares method to
find the best fitting line between the averaged initial DMOSs
and the averaged Z scores, which is depicted by the red line
in Fig. 9. Last, for each averaged Z score, we compute the
fitted DMOS from the line equation, which is employed as the
final standardized DMOS.
B. Performance Comparison
We compare the performance of the proposed FDQM with
18 conventional quality metrics: PSNR, IW-PSNR [18],
NQM [14], UQI [15], SSIM [16], MS-SSIM [17],
IW-SSIM [18], IFC [19], VIF [20], M-SVD [21],
PSNR-HVS-M [22], VSNR [23], MAD [24], FSIM [25],
GSM [26], IGM [27], GMSD [28], and VSQA [29]. These
conventional metrics are applied to intermediate views,
synthesized by VSRS [34]. In contrast, our FDQM assesses
the qualities of synthesized views without the actual view
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TABLE II
C OMPARISON OF SROCC S , PLCC S , AND RMSE S B ETWEEN THE S UBJECTIVE DMOS S AND THE O BJECTIVE M ETRIC S CORES .
T HE N UMBERS IN B RACKETS A RE THE R ANKS OF THE M ETRICS . T HE B EST R ESULTS A RE H IGHLIGHTED IN B OLDFACE

TABLE III
S TATISTICAL L EFT-TAILED F-T EST R ESULTS . T HE 10 bits IN E ACH C ELL I NDICATE THE F-T EST R ESULTS FOR THE T EN S EQUENCES Akko & Kayo,
Book Arrival, Cafe, Champagne, Hall2, Kendo, Lovebird1, Mobile, Pantomime, AND Street IN O RDER . B IT 1 I NDICATES T HAT THE M ETRIC IN THE
A SSOCIATED ROW I S S IGNIFICANTLY B ETTER T HAN THE M ETRIC IN THE A SSOCIATED C OLUMN , W HEREAS B IT 0 M EANS NO S IGNIFICANT
D IFFERENCE . H C OUNTS THE N UMBER OF 1 S IN E ACH ROW. T HE H IGHEST H C OUNTS A RE H IGHLIGHTED IN B OLDFACE

synthesis, requiring significantly less computations than the
conventional metrics.
To evaluate the performance of each metric, we compute
the correlation between the objective metric scores and the
subjective standardized DMOSs, obtained in Section V-A,
using three measures: Spearman rank order correlation coefficient (SROCC), Pearson linear correlation coefficient (PLCC),
and root mean squared error (RMSE). SROCC computes the
correlation between the DMOSs and the ranks of the objective

scores. PLCC measures the correlation between the DMOSs
and the objective scores that are transformed by a nonlinear
regression technique [38], which makes the range of the scores
equal to that of the DMOSs. For the transform, we use the
five-parameter regression function in [40]. RMSE estimates
the RMSE between the DMOSs and the transformed objective
scores. Whereas higher correlation coefficients of SROCC and
PLCC indicate better performance of an objective metric, a
smaller RMSE corresponds to better performance.
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TABLE IV
C OMPUTATIONAL T IMES OF THE O BJECTIVE M ETRIC E VALUATION . T HE N UMBERS IN B RACKETS D ENOTE THE C OMPUTATIONAL T IMES E XCLUDING
THE

V IEW S YNTHESIS . T HE FASTEST C OMPUTATIONAL T IMES A RE H IGHLIGHTED IN B OLDFACE . T HE U NIT OF T IME I S S ECOND

Fig. 10 shows the regression results of the objective
metric scores, and thus the amounts of the correlation
between the objective scores and the subjective scores. FDQM
exhibits strong correlation with the subjective DMOSs on all
test sequences. In contrast, UQI, SSIM, MS-SSIM, IW-SSIM,
IFC, M-SVD, VSNR, FSIM, GSM, IGM, GMSD, and VSQA
yield less correlated scores with the subjective ones. For
instance, SSIM, MS-SSIM, IW-SSIM, and FSIM yield curved,
instead of linear, distributions. In addition, UQI and VSNR on
the Mobile sequence, IGM and GMSD on the Book Arrival
sequence, IFC and M-SVD on many sequences, and GSM and
VSQA on all sequences provide almost vertical distributions,
which indicate irrelevances of the objective scores to the
subjective DMOSs. However, PSNR, IW-PSNR, NQM, VIF,
PSNR-HVS-M, and MAD yield relatively good performance.
Table II compares the SROCC, PLCC, and RMSE results.
Again, the proposed FDQM yields high correlation results, in
terms of SROCC and PLCC, and small RMSEs, especially on
Akko & Kayo, Cafe, Mobile, and Street. The performance of
FDQM is relatively degraded on Champagne, Lovebird1, and
Pantomime, which have complicated depth maps and exhibit
high dynamic ranges of depth values. For these sequences,
our assumption that neighboring pixels have similar disparities becomes less accurate. However, notice that FDQM is
comparable with or better than the generally used quality
metrics, such as PSNR and SSIM, on all sequences.
We also conduct the statistical left-tailed F-test [41] to
the nonlinear regression residuals to compare two metrics.
The test produces a binary value 1 when the first metric is
significantly better than the second metric, and 0 otherwise.
We set the significance level to 0.05 with 95% confidence.
Table III shows the significance test results, where the first
metrics and the second metrics are listed in the leftmost
column and the topmost row, respectively. We observe that
PSNR, IW-PSNR, NQM, IFC, VIF, PSNR-HVS-M, VSNR,
MAD, and FDQM yield good performances and have little
significant difference from one another. Note that these metrics
outperform SSIM, MS-SSIM, IW-SSIM, FSIM, and GSM
significantly.

Fig. 12. Analysis of the computational times of FDQM computation, view
synthesis and video encoding. For each sequence, the computational times are
averaged over the 30 QPs.

Fig. 11 demonstrates the reliability of FDQM. These examples show that HVS may yield higher DMOSs on synthesized
views with higher QPs (lower bitrates) than those with lower
QPs (higher bitrates). In these examples, being consistent with
the DMOSs, the proposed FDQM provides higher scores for
the higher QPs. However, MAD and GSMD on Mobile and
PSNR, SSIM, VSNR, FSIM, GSM, and IGM on both Cafe
and Mobile provide lower scores for the higher QPs, which
do not reflect the characteristics of HVS faithfully.
C. Computational Complexity Comparison
Table IV compares the computational times for the
quality assessment with the 30 different levels of QP. Again,
the conventional metrics should synthesize each intermediate
view, whereas FDQM estimates its quality without the view
synthesis. Hence, we list the times including and excluding the
view synthesis, respectively, for the conventional metrics. The
conventional metrics are implemented in MATLAB, and the
view synthesis software VSRS [34] is implemented in C++.
The proposed FDQM is implemented in C++. Notice that
FDQM is at least ten times faster than the conventional
metrics, if we include their view synthesis times. These
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results indicate that FDQM assesses the qualities of depth
maps faithfully, while reducing the computational complexity
significantly.
Fig. 12 shows the efficacy of FDQM by measuring the
run-times of FDQM computation, view synthesis, and video
encoding. In this test, the left and right depth maps are encoded
at the 30 different QPs, and the computational times are
averaged over all the QPs. Notice that the computational times
of FDQM are much faster than those of both the encoding and view synthesis. Therefore, we can find an optimal
QP using FDQM during video encoding, without too much
computational overhead. On the other hand, suppose that we
use conventional metrics, requiring the view synthesis, to find
optimal QPs. Then, the view synthesis alone takes longer than
the actual video encoding. This indicates that FDQM can be
efficiently used in practical applications, especially for the
rate-distortion optimized compression of depth maps.
VI. C ONCLUSION
In this paper, we proposed an FDQM for the quality
assessment of depth maps in MVD applications. FDQM
assesses how severely depth map errors degrade the qualities of synthesized intermediate views. However, for faster
computation, FDQM avoids the actual view synthesis based
on the local constancy assumption of disparities. First, FDQM
estimates pixel-wise view synthesis distortions. Then, it
integrates those pixel-wise distortions into an overall score
with a spatial pooling scheme, which considers occlusion
effects as well as HVS characteristics. Whereas the conventional metrics measure the distortion of an intermediate
view after its synthesis, the proposed FDQM estimates the
view synthesis distortion on the original view domain to
save the complexity. Experimental results demonstrated that
FDQM yields faithful assessment results, which are highly
correlated to subjective scores, and also requires significantly
less computations that the conventional metrics.
Future research issues include the fast quality assessment
of temporally adjacent depth maps in video sequences and the
view synthesis distortion modeling in a frequency domain.
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