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ABSTRACT

The peak signal-to-noise ratio (PSNR) is the most used objec-
tive measure for assessing perceptual image quality when it
comes to image and video compression tasks, despite the fact
that it exhibits weak performance in reflecting human percep-
tion. To address this problem, many image quality assess-
ment (IQA) methods were proposed, e. g. the structural sim-
ilarity quality measure (SSIM) and its extension, the multi-
scale SSIM (MS-SSIM). In this paper we revisit and evaluate
a block-based perceptually weighted PSNR (WPSNR) which
calculates weighting factors to capture visual sensitivity of lo-
cal image regions. We further introduce a sample-based ver-
sion of WPSNR which determines those sensitivity weights
with higher spatial accuracy. These methods are computa-
tionally inexpensive compared to other similarity measures
and are shown to outperform PSNR, SSIM and similar per-
ceptual quality measures when it comes to approximate sub-
jective ratings of JPEG or JPEG2000 compressed images.

Index Terms— IQA, PSNR, SSIM, image compression

1. INTRODUCTION

The network traffic due to image and video content is con-
stantly increasing [1]. In order to meet today’s transmission or
storage constraints, most signals are highly compressed and
therefore suffer from coding artifacts such as blocking, ring-
ing or other distortions that are visible to human observers.
To evaluate or optimize coding engines, e. g. a video encoder,
these distortions have to be measured. The most reliable way
to measure the quality of such data is to perform subjective
evaluation. In practice this is usually not feasible as such
tests are very time-consuming, expensive and typically not
practical for quality assurance. Therefore, quantitative mea-
sures need to be developed to predict such perceived qual-
ity experiences by human viewers which are referred to as
mean opinion scores (MOS). In the past two decades several
models for image quality assessment (IQA) have been pro-

posed [2]-[12]. Each of them can be classified as full ref-
erence (FR), no-reference (NR) or reduced-reference (RR)
methods, depending on the (full, non or partial) availability
of an original image which acts as the “ground truth” and
entity a distorted image is compared with. For image and
video compression applications the reference image is usually
available and considered as the optimum. The conventional
model for such tasks is the peak signal-to-noise ratio (PSNR).
As it possesses a very low complexity and high simplicity it
is widely used and always compared with. However it only
poorly correlates with perceived quality by humans [13]-[15].
One IQA which tries to overcome this problem and influenced
many researchers in image processing is the structural simi-
larity measure (SSIM) and the multiscale SSIM (MS-SSIM)
[2],[3], which assume that the human visual system is highly
adapted to extract structural information and compares lumi-
nance, contrast and structural similarity of the distorted with
the reference image. Even though SSIM is a good assessor
for subjective quality, its acquisition is still time consuming
compared to PSNR, especially if it has to be calculated sev-
eral times in optimization processes of encoding engines for
compression tasks.

In [10] a weighted PSNR (WPSNR) was introduced
which was motivated by the fact that in a compressed image
or video occurring coding artifacts are often only perceiv-
able in some specific regions. For example, it can often be
observed that the subjective quality of low-contrast image re-
gions (i. e. regions with low visual activity) is clearly reduced
through better visibility of compression artifacts [16],[17]
while high-contrast image regions often effectively obscure
these artifacts such that a degradation is hardly visible. This
effect motivates to evaluate local regions differently in terms
of their contribution to subjective quality.

In this paper the WPSNR metric is further investigated.
In its original configuration the image is divided into equal-
sized blocks. Based on the properties of the original image
a weighting factor is calculated for each block, which can be
interpreted as a visual sensitivity weight [9]-[12]. For each



block the sum of squared errors (SSE) is determined, but in-
stead of directly using the SSE for establishing a distortion
measure for the whole image, a weighted SSE is calculated
and each SSE of the local block scaled with a corresponding
weighting factor. The WPSNR is then computed by using the
local weighted SSE instead of the conventional SSE. Further-
more we introduce a more localized sample-based version of
WPSNR where each sample is assigned its own sensitivity
weight. These two IQA methods satisfy both requirements of
relatively low complexity and good approximation of subjec-
tive scores. For verification the two WPSNR methods, which
we call bWPSNR for the block-based version and sWPSNR
for the sample-based version, are evaluated on four different
image databases, i. e. LIVE, TID2008, TID2013 and CSIQ
[18]-[21] specifically for JPEG and JPEG2000 compressed
images and compared with different quality assessment meth-
ods. Here the scores of the WPSNR metric serve as a predic-
tor for the MOS values set by human test subjects and their
correlation is measured by Pearson linear correlation coeffi-
cient (PLCC) and by Spearman rank-order correlation coeffi-
cient (SROCC) [22].

The rest of the paper is structured as follows. In Sections
2 and 3 the concept of bWPSNR and sWPSNR is explained in
detail. Section 4 evaluates the performance of this method on
the given image databases and Section 5 concludes the paper.

2. BLOCK-BASED PERCEPTUALLY WEIGHTED
PSNR (BWPSNR)

This section is based on the description in [10] and [25].

2.1. Block-based Weighted MSE Distortion Measure

Let x and y be the luminance values for the reference and the
distorted image. The image is divided into equal-sized blocks
Bk of size N and MSEk denotes the mean square error for
the block k given by

MSEk =
1

N

∑
(i,j)∈Bk

(
x(i, j)− y(i, j)

)2
. (1)

Next a generalization through a weighting factor wk is given
which better reflects the subjective relevance of the block Bk:

MSEwk = wk ·MSEk. (2)

The weighting factor wk can be calculated in an arbitrary way
but only by incorporating features of the reference image x.
It can be interpreted as a visual subjective sensitivity measure
for the corresponding local block. If Bk possesses a large
sensitive measure wk the local MSE distortion has a higher
impact on perceptual quality than a block with a small wk.

The overall MSE distortion for an image is composed of
the sum of all block distortions, i. e.

MSE =
∑
k

MSEk =
1

W ·H
∑
i,j

(
x(i, j)− y(i, j)

)2
(3)

with W and H being the width and height, respectively of
the input images x and y. Hence, we can define the overall
weighted MSE distortion for an image as

MSEw =
∑
k

MSEwk =
∑
k

wk ·MSEk

=
1

W ·H
∑
k

wk
∑

(i,j)∈Bk

(
x(i, j)− y(i, j)

)2
.

(4)

Note if wk = 1 for all k the weighted MSE becomes identical
to the ordinary MSE.

In case x and y are color images we calculate the weighted
MSE only for the luminance part of x and y for simplicity. An
extension to chromatic image channels is described in [10].

2.2. WPSNR Calculation

For given MSE of an image, bit depth BD, width W and
height H the corresponding PSNR is defined by

PSNR = 10 · log10

(
(2BD − 1)2

MSE

)
. (5)

Intuitively the weighted PSNR is defined through the weighted
MSE, therefore

PSNRw = 10 · log10

(
(2BD − 1)2

MSEw

)
. (6)

2.3. Perceptually Relevant Block Weighting Factors

The remaining and most important question is how to calcu-
late the sensitivity measures wk for the local blocks Bk. It is
often observed that in regions governed by low frequencies,
i. e. smooth regions with low visual activity, coding artifacts
are becoming more visible than in regions with dominant high
frequencies, i. e. regions with high activity. Therefore, we de-
rive the local sensitivity weights wk based on a local energy
measure of the high-pass filtered reference image x. A 9-tap
high-pass filter is applied to x with the filter kernel

F =
1

4
·

 −1 −2 −1
−2 12 −2
−1 −2 −1

 , (7)

and the filtered samples of x are obtained by

hx = x ∗ F. (8)

Then for each block Bk the local activity ak is obtained by

ak = max

(
a2min,

(
1

N2

∑
(i,j)∈Bk

|hx(i, j)|
)2
)
, (9)

where [10] defines amin = 2BD−6 empirically in the context
of perceptual bit-allocation and N2 is the number of samples



in Bk. The clipping via the max-function is required to avoid
very small ak and, thus, divisions by very small values.

In order to obtain sensitivity weights wk with mean value
close to 1, we normalize ak by a factor apic. Now instead of
trying to average over all local activities in the present image
we average over a whole set of images. Using common high-
resolution (HD, UHD) images, apic can be approximated by

apic =
1

Kset

∑
k∈Kset

ak ≈ 2BD ·
√

3840 · 2160
W ·H

, (10)

where Kset specifies the total number of considered blocks.
Note that it is not desired to obtain sensitivity weights which
are on a picture level on average close to 1, because it could
occur that most parts of the image are subjectively amplified
due to the existing smooth structure of the image or on the
opposite if most parts of the image are rich in contrast. Then
in the former case most of the sensitivity weights and the av-
erage should be larger and in the latter case smaller than 1.

The final visual sensitivity weight for block Bk can now
be calculated using the reciprocal of the normalized ak:

wk =

(
apic
ak

)β
, (11)

where β controls the impact of the deviating block sensitivity
values and should be chosen between 0 and 1. Note that if
β = 0 all scaling factors are equal 1 and WPSNR reduces to
the traditional PSNR measure. We found based on our visual
experiments [10] β = 1

2 to be a good fit. In this case and by
shifting N2, the sensitivity weight for block Bk simplifies to

wk = N2 ·
√
apic

a′k
and (12)

a′k = max
(
N2 · amin,

∑
(i,j)∈Bk

|hx(i, j)|
)
, (13)

which avoids the division by N2 and the exponentials in (9)
and (11) and, thus, reduces the complexity. It is worth noting
that N2 · √apic and N2 · amin are constants and calculated
just once for the whole image or video.

At last we chose the size N ×N of the local square-sized
blocks Bk to be dependent on the resolution of the input im-
age, i. e. width W and height H , and define

N = round

(
128 ·

√
W ·H

3840 · 2160

)
. (14)

3. SAMPLE-BASED PERCEPTUALLY WEIGHTED
PSNR (SWPSNR)

The block-based approach to calculate the visual sensitivity
weights is very efficient as only one weight is determined for

a whole block. Depending on its application this approach
might be desirable since it requires little algorithmic complex-
ity. On the other hand it might be useful to avoid unnecessary
blocking artifacts in the resulting “weighting map”. More-
over, a more accurate way of representing subjective percep-
tion of varying regions (by more closely modelling the “con-
tinuous” cell-wise operation of the human retina [23]) might
be beneficial. This can be achieved if the sensitivity weights
are calculated on a sample-level, i. e. each individual sample
is assigned its own weight. For that purpose, some adapta-
tions have to be made. Instead of determining the local activ-
ities ak and subsequently the sensitivity weight wk for each
block Bk, they are calculated for each sample location (i, j),
hence

wi,j =

(
apic
ai,j

)β
and (15)

ai,j = max

(
a2min,

(
1

M2

∑
(k,l)∈Ni,j

|hx(k, l)|
)2
)
. (16)

Here Ni,j is the local neighborhood of (i, j), a local window
of sizeM×M with center pixel location (i, j) with replicated
boundary samples at the image borders. The window size
defined through M , like the definition of N in (14), is related
to the resolution of the input image and empirically defined
as

M = 2 · round

(
14 ·

√
W ·H

3840 · 2160

)
+ 1. (17)

Note that, given the sample-wise definition of wi,j , it is rea-
sonable to choose M smaller than N .

For β = 1
2 equations (15) and (16) simplify similarly to

(12) and (13). The weighted MSE and WPSNR is similarly
obtained by replacing wk for each block with the scaling fac-
tor wi,j for each sample location, hence

MSEw =
1

W ·H
∑
i,j

wi,j
(
x(i, j)− y(i, j)

)2
. (18)

4. EXPERIMENTS

We evaluated the proposed block-based and sample-based
WPSNR metrics on the LIVE, TID2008, TID2013 and CSIQ
image databases [18]-[21] for the contained JPEG2000 and
JPEG compressed images. The methods serve as a predictor
for the MOS values collected in subjective tests. The predic-
tion accuracy is measured, in terms of linear-model fit, using
Pearson linear correlation coefficient (PLCC) values and, in
terms of prediction monotonicity, using Spearman rank-order
correlation coefficient (SROCC) values. The correlation re-
sults of PSNR, SSIM and MS-SSIM serve as comparative
values. For this study we set amin = 2BD−8 in (9) and (16),
which shows a slightly better fit on the tested databases than
the value chosen in [10] (which, as noted, was defined specif-
ically for bit-allocation purposes in a HEVC-based codec).



Tables 1 and 2 show the performance of WPSNR in com-
parison to PSNR and the SSIM approaches. The bold printed
numbers represent the highest correlation for the correspond-
ing database and compression type. Figure 1 illustrates the
IQA model performances on the JPEG and JPEG2000 distor-
tion types of the TID2013 database, including second-order
polynomial curve fitting to visualize the level of correlation.

It can be concluded that the WPSNR measures outper-
form PSNR by far. Even in comparison with SSIM and MS-
SSIM the WPSNR measures reach higher correlation values
on average. Only in a few cases SSIM and MS-SSIM perform
better. It is worthwhile to note that bWPSNR and sWPSNR
perform very well on all databases (except for CSIQ for JPEG
compression) if Pearson correlation is calculated. Here both
methods are about 0.02 better than SSIM and 0.03 better than
MS-SSIM on average. For Spearman’s correlation, the ad-
vantage of the WPSNR methods is smaller. The block-based
approach is slightly better than the sample-based approach for
SROCC and vice versa for PLCC, although the difference is
not statistically significant.

As can be seen from Figure 1 both WPSNR methods deal
very well with compression artifacts. They correlate much
better with the corresponding MOS values than PSNR and
SSIM (MS-SSIM is omitted as the results look very similar to
SSIM). As a welcome side-effect, both JPEG and JPEG2000
scores can be well fitted with only one curve (the red and blue
curves are almost identical). This indicates that the WPSNR,
either in its block-based or sample-based configuration, can
serve as a codec-agnostic predictor of visual coding quality.

5. DISCUSSION AND CONCLUSION

We studied the perceptually weighted peak signal-to-noise
ratio (WPSNR), a novel approach for image quality assess-
ment by perceptually weighting the well-known PSNR mea-
sure. By calculating the mean activity for local regions and in-
corporating these into the weight calculation we showed that
dealing with compression distortion the WPSNR is a good
predictor for subjective perception of images. It outperforms
in this regard the PSNR measure, which is still the most used
objective metrics for optimizing tasks in image and video
compression. Both presented methods achieve similar, and
sometimes better, results compared to SSIM/MS-SSIM with
bWPSNR having a better performance complexity trade-off.

There are clearly more IQA models to compare which
achieve even higher correlation with subjective scores. These
methods, including [4]-[8], usually require much higher com-
puting power [6],[8] and are not suitable for optimization
tasks, where the given quality measure has to be calculated
repeatedly. Here WPSNR has a crucial advantage: the sen-
sitivity weights need to be calculated only once per image,
even if the corrupted image changes during an optimization
process. In this case only the MSE has to be recalculated. The
evaluation of the WPSNR metric on high-resolution image or
video coding databases remains a subject for future research.

SROCC PSNR SSIM MS-SSIM bWPSNR sWPSNR

LIVE
0.8809 0.9764 0.9815 0.9604 0.9598
0.8954 0.9614 0.9627 0.9513 0.9472

TID2008
0.8717 0.9252 0.9322 0.9473 0.9460
0.8132 0.9625 0.9700 0.9751 0.9734

TID2013
0.9189 0.9200 0.9265 0.9499 0.9549
0.8840 0.9468 0.9504 0.9701 0.9701

CSIQ
0.8881 0.9546 0.9634 0.9583 0.9567
0.9362 0.9606 0.9683 0.9706 0.9711

Overall 0.8861 0.9509 0.9569 0.9604 0.9599

Table 1: Spearman rank-order correlation coefficient on four
different image databases specifically for JPEG (top row) and
JPEG2000 (bottom row) compressed images.

PLCC PSNR SSIM MS-SSIM bWPSNR sWPSNR

LIVE
0.8650 0.9279 0.9184 0.9502 0.9535
0.8747 0.8925 0.8697 0.9275 0.9231

TID2008
0.8597 0.9319 0.9279 0.9630 0.9613
0.8629 0.9492 0.9365 0.9685 0.9664

TID2013
0.8972 0.9278 0.9207 0.9585 0.9633
0.9078 0.9424 0.9183 0.9642 0.9665

CSIQ
0.7898 0.9165 0.9064 0.8423 0.8460
0.9270 0.8967 0.8843 0.9522 0.9573

Overall 0.8730 0.9231 0.9103 0.9408 0.9422

Table 2: Pearson linear correlation coefficient on four dif-
ferent image databases specifically for JPEG (top row) and
JPEG2000 (bottom row) compressed images.

15 20 25 30 35 40
PSNR

0

1

2

3

4

5

6

7

M
O

S

0.4 0.5 0.6 0.7 0.8 0.9 1
SSIM

0

1

2

3

4

5

6

7

M
O

S

15 20 25 30 35 40
bWPSNR

0

1

2

3

4

5

6

7

M
O

S

15 20 25 30 35 40
sWPSNR

0

1

2

3

4

5

6

7

M
O

S

JPEG2000
fitting curve JPEG2000
JPEG
fitting curve JPEG

Fig. 1: PSNR (top left), SSIM (top right), bWPSNR (bottom
left), sWPSNR (bottom right) correlation with MOS for JPEG
and JPEG2000 distorted images of the TID2013 database.
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