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Naturalization of Screen Content Images for Enhanced Quality

Evaluation
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SUMMARY  The quality assessment of screen content images (SCIs)
has been attractive recently. Different from natural images, SCI is usually
a mixture of picture and text. Traditional quality metrics are mainly de-
signed for natural images, which do not fit well into the SCIs. Motivated
by this, this letter presents a simple and effective method to naturalize SCIs,
so that the traditional quality models can be applied for SCI quality predic-
tion. Specifically, bicubic interpolation-based up-sampling is proposed to
achieve this goal. Extensive experiments and comparisons demonstrate the
effectiveness of the proposed method.
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1. Introduction

Screen content images (SCIs) have been increasingly preva-
lent in modern multi-client communication systems, such as
remote education, video conference, cloud gaming, etc [1].
In such applications, the complicated graphical interfaces
are transmitted to the end users so that even thin-clients can
enjoy the computationally intensive and graphically rich ser-
vices. In the generation of SCIs, distortions can be easily
introduced, including blurring, contrast, compression arti-
facts, etc. Therefore, the objective quality assessment of
SCIs is highly desirable.

Extensive image quality assessment (IQA) metrics
have been proposed in the past several years[2]. Accord-
ing to the amount of information needed from reference im-
ages, IQA metrics can be classified into full-reference (FR),
reduced-reference (RR) and no-reference (NR). The exist-
ing quality metrics are mainly designed for natural images,
which have quite different statistical properties from SClIs.
So the traditional quality metrics do not perform well on
SCIs. Recently, several SCI quality models have been re-
ported. Yang er al. [1] first proposed the quality assessment
of screen content images. A Screen Image Quality Assess-
ment Database (SIQAD) was first constructed with subjec-
tive experiments. Then an objective quality model was pro-
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posed by considering the difference between textual and pic-
torial regions. In [3], Gu et al. proposed a method by com-
bining the measurements of structural distortions and visual
saliency. Wang et al. [4] proposed a metric by incorporating
visual field adaptation and information content weighting
into the evaluation of structural similarity. In [5], Ni et al.
first extracted gradient direction in SCIs. Then a deviation
based pooling strategy was proposed to generate the quality
score for SCIs. While these metrics have achieved very en-
couraging results, another interesting problem in parallel is
that: is it possible to adapt the current natural image quality
models to the characteristics of SCIs. If yes, we have a new
choice for SCI quality evaluation. In this letter, we address
this less investigated problem.

SClIs often consist of picture and text, so the statistical
properties of SCIs are different from those of natural images.
This is the main reason why the traditional natural image
quality metrics do not work well on SClIs. Inspired by this,
this letter presents a unified naturalization method, which
can be applied on SCIs and make them have more similar
statistical properties with natural images. By this means,
natural image quality models are adapted to SCIs. The pro-
posed method is extremely simple and can be achieved by
bicubic interpolation-based up-sampling. The performance
of the proposed method is verified by experiments.

2. Statistical Differences between Screen Content and
Natural Images

In order to have an intuitive understanding of the proposed
method, we first illustrate the different statistical properties
of screen content and natural images. The SClIs differ from
natural images mainly in that the textual regions in SCIs are
sharp and have significant variations. By contrast, natural
images are relatively smooth. In [6], Yang et al. proposed
an image activity measure (IAM) for screen content image
segmentation. IAM measures image activity and it reflects
the complexity of an image. For an image block b, the block
activity measure (BAM) is defined as [6]:

aVVi + (1 - ) VP,

mXxn

BAM = ey
where m X n denotes the block size, @ is a weighting factor
(equals to 0.5 in this work), V; is the sum of the 1-distance
down-left diagonal and down-right diagonal variances, and
V, is the sum of the 2-distance horizontal and vertical vari-
ances. V; and V, are defined as:
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Fig.1  Sample images and their BAM histograms. (a) Natural and textual
images; (b) BAM histograms.
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where b;;, i = 1,---,m, j=1,---,n, denotes the intensity
value.

Figure 1 shows a natural image and a textual image,
together with their BAM histograms. In this experiment,
the images are divided into non-overlapping 8 x 8 blocks to
compute the BAMs. It is observed from the figure that most
BAM values of the natural image are smaller than those of
the textual image. We have done this experiment on exten-
sive natural and screen content images with diversified con-
tents, and we find this property holds consistently. There-
fore, the BAM histograms of natural images typically have
left-side distribution, while those of textual images typically
have right-side distribution.

3. Proposed SCI Naturalization Method

Inspired by the characteristics of BAM histograms, we pro-
pose a simple method for the naturalization of SCIs. The
underlying idea is to make SCIs more natural. Specifically,
we propose to use bicubic interpolation-based up-sampling
for SCI naturalization.

In bicubic interpolation, the interpolation result of a
pixel (x,y) is defined as the the weighted average of its 16
(4 x 4) neighboring pixels. It approximates the local inten-
sity values using a bicubic polynomial surface. The general
form for bicubic interpolation is as follows:

3 3
feoyy = > apdiy’, @)

i=0 j=0
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Fig.2 BAM histograms of sample SCIs before and after naturalization.
(a) Two SClIs; (b) original BAM histograms; (c) BAM histograms after
applying the proposed naturalization.

where g;; is the weight for a neighboring pixel. Further de-
tails for determining the coefficients can be found in [7].

It should be noted that other interpolation (say near-
est and bilinear) and image smoothing techniques (e.g.
Gaussian low-pass filtering) can also be utilized. However
in our experiments, we find bicubic interpolation produces
consistently the best results, which will be shown in the ex-
periment section. So we use bicubic interpolation in this
work.

In order to demonstrate the effectiveness of the pro-
posed method for naturalizing SCIs, we show an example
in Fig.2. In this example, the BAM histograms are com-
puted for the original and naturalized SCIs. It is easily ob-
served from the figure that the original BAM histograms
spread a wide range, which do not fall into either left-side or
right-side distribution. After naturalization, the BAM his-
tograms more resemble the left-side distribution, which is
a key property of natural images. Therefore, the proposed
method is effective for the naturalization of SCIs. In this
work, we first apply the proposed naturalization method to
process the SCIs. Then the traditional natural image quality
metrics are used to evaluate the quality of SCIs.

4. Experimental Results

To verify the effectiveness of the proposed method, we use
it as a pre-processing step for SCIs. Then the traditional im-
age quality metrics are tested using the processed SCIs. We
employ the SIQAD database [1] to conduct the experiments.
SIQAD consists of 20 reference SCIs and the corresponding
980 distorted images. Each reference SCI is subject to 7 dis-
tortions at 7 levels. The subjective quality is denoted by the
difference mean-opinion-score (DMOS). Two criteria are
utilized to measure the metric performances, namely Pear-
son Linear Correlation Coefficient (PLCC) and Spearman
Rank order Correlation Coefficient (SRCC). Before com-
puting them, a five-parameter logistic mapping is conducted
between the objective and subjective scores:

1 1
f) =1 (——

) m)+7’4x+75, (5)
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Fig.3  Impact of up-samping factors on the metric performances.

Table 1  Performances of FR image quality metrics before and after in-
corporating the proposed naturalization module, together with a statistics
of the performance gains in percentage.
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Table 2  Performances of NR image quality metrics before and after in-
corporating the proposed naturalization module, together with a statistics
of the performance gains in percentage.

. PLCC SRCC
Metric
Before After Gain (%) Before After Gain (%)
BIQI[17] 0.0432 0.1682 1289.35 0.0457 0.1700 1271.99

DIVINE [18] 0.2946 0.4760 7T61.58 0.2750 0.4067 147.89
BRISQUE[19] 0.0510 0.3303 1548.14 0.1063 0.2861 1169.09
DESIQUE [20] 0.2621 0.4680 17857 0.2443 0.4089 167.37

NIQE [21] 0.3005 0.5566 785.22 0.3675 0.5472 148.90
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] PLCC SRCC
Metric
Before After Gain (%) Before After Gain (%)
MS-SSIM[8] | 06195 | 07293 | 11772 | 06112 | 07206 | 117.90
IW-SSIM[9] | 0.6536 | 08310 | 127.14 | 06546 | 08116 | 123.98
VIF[10] 0.8488 | 0.8624 1 1.60 0.8451 | 0.8545 1112 ; :
MAD(11 0.6192 | 0.6520 530 0.6069 | 0.6415 570
(i ! ! (2) DMOS=41.9984 (b) DMOS=43.8690
FSIM [12] 05902 | 0.6108 1349 0.5819 | 0.6042 13.83
GSIM[13] 0.5686 | 0.5775 1157 0.5483 | 05513 | 1755.00 Fig.4  Three distorted screen content images. From (a) to (c), the images
GMSD[14] | 07391 | 08381 | 711339 | 07305 | 08329 | T714.02 have increasing picture-to-text ratios but similar visual quality.
LTG[15] 07519 | 08443 | 11229 | 07430 | 08349 | 11236
SFF[16] 0.6928 0.7917 114.28 0.6870 0.7830 113.97
Table 3  Predicted scores of NR quality metrics before and after incor-
porating the proposed naturalization module for images shown in Fig. 3.
where 71,75, -+, T5 are the fitting parameters. Metric m B?f)‘;’e S = A(i:‘ =
. . . a C a C
Before conducting the experiments, the up-sampling BIQI[17] 56.8257 | 419546 | 33.1803 | 259913 | 280189 | 26.3609

factor of bicubic interpolation is first determined. Fig-
ure 3 shows the performances of two state-of-the-art nat-
ural image quality metrics (FR GMSD [14] and NR DE-
SIQUE [20]) when different up-sampling factors are used.
It is observed from the figure that the best performances are
mainly achieved when the up-sampling factors are around 2
to 2.5. In the subsequent experiments, the up-sampling fac-
tor is set to 2.4, based on which most quality metrics can
achieve very good performances.

4.1 Performances of FR Natural Image Quality Metrics

We first test the performances of the state-of-the-art FR nat-
ural image quality metrics, including MS-SSIM [8], TW-
SSIM [9], VIF[10], MAD|[11], FSIM[12], GSIM[13],
GMSD [14], LTG[15] and SFF[16]. Table 1 summarizes
the experimental results before and after incorporating the
proposed naturalization module, together with a statistics of
the performance gains in percentage.

It is observed from Table 1 that the performances of all
FR quality metrics are improved after incorporating the pro-
posed naturalization module. Furthermore, many FR met-
rics achieve performance gains higher than 10% for both
PLCC and SRCC, which are not trivial. Therefore, the pro-
posed method is very effective to adapt the traditional natu-
ral image quality metrics to SCI quality assessment.

4.2 Performances of NR Natural Image Quality Metrics

In addition to the FR metrics, we further test the effec-
tiveness method using the state-of-the-art NR natural im-

DIVINE [18] 8.71150 27.6436 0.9015 59.2894 42.7398 49.0099
BRISQUE [19] 96.1845 25.5710 55.4717 64.0690 57.8123 58.9319
DESIQUE [20] 49.6898 26.1281 61.7303 38.3342 27.2375 31.1476

NIQE [21] 7.78240 3.9563 4.2130 2.6671 2.2822 2.2356

age quality metrics, including BIQI[17], DIIVINE[18],
BRISQUE [19], DESIQUE [20] and NIQE [21]. These met-
rics have been designed for evaluating image quality without
knowing the exact distortion types. The experimental results
are listed in Table 2.

It is known from Table 2 that all the tested metrics
achieve obvious performance improvement, which are much
more significant than FR metrics. This further demonstrates
the effectiveness of the proposed method.

Figure 4 shows three SCIs with similar quality but dif-
ferent picture-to-text ratios. Table 3 summarizes the pre-
dicted scores by the state-of-the-art NR quality metrics be-
fore and after integrating the proposed naturalization mod-
ule. Since the images have similar visual quality, a good
metric is also expected to produce similar scores. It is
known from the table that the scores predicted by the origi-
nal metrics differ greatly. After incorporating the proposed
method, the scores become more similar. This also demon-
strates that the proposed method is not sensitive to picture-
to-text ratios, so it can be used for SCI quality assessment
across images.

4.3 Evaluation of Other Approaches with Smoothing Ef-
fect

In image processing, there are other techniques that can pro-
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Table4  Performance comparisons of different approaches with smoothing effect.
Metric Nearest interpolation Bilinear interpolation Gaussian low-pass filtering (3 x 3, 0.2)
PLCC | Gain(%) | SRCC | Gain(%) | PLCC | Gain(%) | SRCC | Gain(%) | PLCC | Gain(%) | SRCC | Gain (%)
MsS-SSIM[8] | 07246 | 11697 | 07182 | 11751 | 07139 | 11523 [ 07060 | 11551 | 06192 10.05 0.6120 10.13
MAD[11] 07078 | 11431 | 06968 | 11481 | 0.6520 1529 0.6446 1621 0.6172 1032 0.6070 10.02
FSIM[12] 0.6168 1451 0.6109 14.98 0.6071 12.86 0.5979 1275 0.5923 10.36 0.5824 10.09
GMSD[14] 08329 | 12118 | 08295 | t2101 | 08232 | 11976 | 08213 119.8 0.7388 10.04 0.7305 0
BIQI([17] 01928 | 13463 | 01832 [ 730088 | 0.1097 | 115393 | 01242 | 1171.87 | 0.0987 | 15623 | 00898 | 149.11
DIVINE[18] | 04290 | 14562 | 03551 | 12013 | 05564 | 18887 | 04817 | 17517 | 02946 0 0.2751 10.03
BRISQUE([19] | 02042 | 130066 | 0.1334 | 12548 | 02805 | 145044 | 02998 | 1181.99 | 02480 | 138660 | 02120 | 149385
NIQE [21] 03991 | 13281 | 03820 1395 05016 | 16692 | 04423 | 12035 | 03319 | 11045 | 03702 10.74
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