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ABSTRACT 2. ARTIFACT METRICS

dThe general approach for developing and testing artifact metrics
consists of using video sequences with different levels of artifact

ness, and noisiness. The set of artifact metrics (physical strengthStrengths generated by compressing or by transmitting the original

measurements) was designed to be simple enough to be used ixidgo at different bit-rates or c.onditions. In this work, we propose
real-time applications. The metrics are tested using a proposeda different approach that provides a robust test and allows a better

procedure that uses synthetic artifacts and subjective data obtaine omparison among different metrics. .TO be able to control _the
from previous experiments. The technique has the advantage o ype, propqrtlon, and §trength ofthe artlfgcts, we tested.thelartlfact
allowing us to test each metric on videos which contain only the metrics using synth_e_t|ca||y generated artifacts ar_1d SUbJeCt.'Ve data
desired artifact signal or a combination of artifact signals. Models gathered from specifically designed psychophysical experiments.

for the overall annoyance based on a combination of the artifact In this work, we used the data gat_hered _from a previous ex-
metrics using both a Minkowski metric and a linear model are de- periment where blocky, blurry, and noisy artifacts were inserted

veloped. Both models present a very good correlation with the into spe_cific regions of the \_/ideos for a short time interval (_de-
data and show no statistical difference in their performances. fect regions). We ask_ed Sl.Jb.JeCtS to detect them and rate their an-
noyance. A total of six originals were used - ‘Bus’, ‘Calendar’,

‘Cheerleader’, ‘Flower’, and ‘Hockey’ [2]. Three defect regions
1. INTRODUCTION were used for each original to prevent the test subjects from learn-
ing the locations of the defects. We varied the artifact strength
In the past few years, considerable attention has been paid to theY scz_all_ng th_e pixel-by-pixel difference between the corrupted and
development of better video quality metrics that correlate well with tNe Original videos [6]. Table 1 shows the total squared error (TSE)
the human perception of quality [1, 2]. Although many metrics of th_e test sequences correspondlng to the orl_glnal video B_u_s
have been proposed, most of them are very complex and requireln thl_s section we present the blpcklnes_s, blur_rlness, and noisiness
the original video for estimating the quality. As a result, their use Metrics which performed better in our simulation tests.
in real-time transmission applications is very difficult. Although 2.1. Blockiness Metric
human observers can usually assess the quality of a video withou
using the reference, designingha-referencemetric is a difficult

In this paper we present a no-reference video quality metric base
on individual measurements of three artifacts: blockiness, blurri-

t'I'he proposed blockiness metric is a modification of the metric pro-
; . . posed by Vlachos [7]. Vlachos’ algorithm estimates the blockiness
task and only a few of such video quality metrics have been pro- 7. : : : o
posed in the literature so far [3, 4]. s_lgnal strength _by comparing the cross-correlat_lon of plx_els inside
) n . . (intra) and outside (inter) the borders of the coding blocking struc-
In a previous work, we have found that it is possible to predict y,ra of 4 frame. In his work, the frami (4, ;) is partitioned into
the overall annoyance of an impaired video using a combination bs x bs blocks and simultaneously sampled in vertical and hori-
of perceptual strengths of individual artifacts [5]. In this work, our - ;onta| directions. This sampling structure assumes that all visible
goal is to investigate if a combination of physical strength mea- pjockiness artifacts have a visible corner. Nevertheless, frequently,
surements of individual artifact signalar(ifact metricy can be only one of the borders of the blocking structure is visible. To re-
used to estimate the overall annoyance of impaired videos. Thefjact this, instead of down-sampling the frame simultaneously, we
assumption here is that the strength of the artifact signal is cor- gpjitted the process into two separate parts. This modification im-

related with the perceptual strength of the artifact. To this end, proves the performance of the algorithm, with a small increase in
we developed a set olo-referencartifact metrics for blockiness,  complexity.

blurriness, and noisiness that are simple enough to be used in real- First, we down-sampled the frame only in the vertical direc-

time applications. We, then, obtained models for overall annoy- tion, obtaining the vertical sub-sampled image

ance using the Minkowski metric and the linear model. The pro-

posed models focus on estimating the quality of standard defini- sv(m,n) ={Y(4,5) : m=1i,n = jmodbs}. 1)

tion videos compressed using MPEG-2 and its target application ynere(;, ;) are the horizontal and vertical co-ordinates. Then, we

is broadcasting. down-sampled the frame in the horizontal direction, obtaining the
horizontal sub-sampled imagg:

_ This_work was sup_ported in part by CAPES-Bra_ziI, in part by a Na_— sn(m,n) = {Y(i,5) : m = imodbs,n = j}. (2)

tional Science Foundation Grant CCR-0105404, and in part by a University

of California MICRO grant with matching support from Philips Research 1For lack of space, we will only show the results corresponding to the
Laboratories. test video ‘Bus’. The results obtained for other videos were similar.
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Table 1. Total Square Error values for test sequences containing %‘: ﬁ
blocky, blurry, and noisy artifacts. ]
defect | artifact TSE §t§§?ﬁ§ o iﬂwt .n ﬁp e
region | strength | blocky blurry noisy AAAAAAAAAAAAAAAAL |* 5 $ o=
Top 1 109.09 40.18 157.97
Top 2 197.82 243.44 427.99 O g
Top 3 396.44| 621.94| 1328.56 RN RENRAR
Top 4 670.46| 1370.61| 2622.14 (a) (b)
Top 5 996.53| 2382.24| 4186.98 . . . .
Top 6 1415.09| 3626.78| 6093.68 Fig. 1 Frame §ampllng structure.for cqrrelatlon-based blockiness
Middie 1 27319 55746 67501 metric: (a) horizontal and (b) vertical directions.
Middle 2 801.39| 3283.43| 1803.30
Middle 3 1563.37| 8454.29| 5474.06 3
Middle 4 2558.25| 18919.50| 10529.10 2.5
Middle 5 3771.61| 33360.10| 16317.20
Middle 6 5227.33| 51554.00| 22467.90 g z
Bottom 1 436.23 241.95 227.86 £1s
Bottom | 2 824.24| 1499.86| 614.08 5 .
Bottom 3 1651.10| 3875.24| 1899.68
Bottom 4 2752.66| 8701.84| 3726.34 0.5
Bottom 5 4092.39| 15392.20| 5899.88 o
Bottom 6 5715.65| 23852.10| 8397.98 L 2 actignal rengts,

Fig. 2. Blockiness metric results for test sequence ‘Bus’ contain-

The size of the blockhs can be adjusted according to the appli- ing only blockiness.

cation. In this work,b; = 8 because we are targeting MPEG-2
COdeCS. . P‘/int'ru, PHintra,

Figures 1 (a) and (b) display the modified sampling structures blockiness= 2.0 — PVinter = PHinter' 6)
for the horizontal §;) and vertical §,,) directions, respectively, for ) ) .
a 24x 24 area of the frame. The dark symbols inside the grid cor- FOr frames with no blockiness, the value BV is close to
respond to pixels in the resulting sampled sub-images. Different I’ Vinter @1d PHintrq 1S €loS€ tOP Hinger. As blockiness is in-
symbols correspond to different sub-images. The set of inter-block {roduced, the values dVi, e, andP Hn.e, become smaller and,
pixels in the vertical direction corresponds to the sub-images conse_quently, the value of the blockiness metric increases. The
andso (Figure 1(b)), while the set of inter-block pixels in the hor- blpcklness S|gna_l measurement for the set of all frames was ob-
izontal direction corresponds to the sub-imagesinds; (Figure tained by averaging the measures over all frames. _
1(a)). The set of intra-block pixels corresponds to the sub-images  Figure 2 displays the results after applying this metric on test
so ands; for the vertical direction, ang, andss for the horizontal sequences containing only synthetic blocky artifact signals for the

direction. original ‘Bus’. Thex-axis of the graph correspond to the six block-
The correlation between two given images, ands.., is given iness signal strengths shown in the third column of Table 1 and
by the following expression: represented, for simplification, by the integers 1-6, where 1 refers

. o o to the smallest strength and 6 to the largest one. yFhgis cor-
Conm(iyj) = F! (F (sm (3, 7)) 'F(Sn(zvﬂ))> ©) responds to the blockiness signal measurements. The three curves
R |F* (sm (4, 5)) F (s (3, ))] ) correspond to the three defect regions of the video (‘top’, ‘middle’,

whereF andF—! denote the forward and inverse two dimensional and ‘bottom’). Similar results have been found for the other origi-
discrete Fourier transform, respectively, and * denotes the complexnal videos. As can be seen, the blockiness metric increases as the

conjugate. The magnitude of the highest peak was used as a meatglockiness signal strength increases. Simulation results showed
sure of co}relation between,, ands,,. Before the maximum was that the ”??‘”‘C was robust, had a good performance, and was not
taken, the array elements were filtered using a Hamming window very sensitive to content effect. Overall, the metric performed bet-

to force the elements to a constant value around the borders. ter (the correlation with the subjective data was= 0.860) than

To estimate the blockiness signal strength, we measured theother metrics which estimate blockiness in the spatial [8] and fre-

correlation between the intra- and inter-block sub-images in both quency [4] domains{ ~ 0.40).
directions. The vertical intra-block correlation is given by:

PVintra = H}E}X {C7.0(i,5)}, (4) 2.2. Blurriness Metric

Most of the existing blurring metrics are based on the idea that blur
makes the edges larger or less sharp [9, 10, 11]. In this work, we
PVinter = max{Co,1(3,5)} . (5) implemented ano-referenceblur (blurriness signal) metric which
“I also makes use of this very simple idea. The algorithm measures
The horizontal correlation? Hyterr and PH,,trq, are obtained blurriness by measuring the width of the edges in the frame. The
in a similar way. The blockiness measure for the frame is given by first step consists of finding strong edges using the Canny edge
the following expression: detector algorithm. The output of the Canny algorithm gives the

while the vertical inter-block correlation is given:
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Fig. 5. Noisiness metric results for test sequence ‘Bus’ containing
only noisiness.

i ) ) 3 ’ Blindly estimating noise in an image or video is still a difficult
problem. The proposed noisiness metric is based on the work by
Lee [13] that uses the well known fact that the noise variance of

Fig. 3. The width of the edge is used as a measure of the blurriness
signal strength.P; is the first local extreme ang; is the second

one. an image can be estimated by the local variance of a flat area. To
10 reduce the content effect we used a cascade of 1-D filters as a pre-
8 processing stage [12].
After the preprocessing, we sub-divided the image ir 8
2 6 blocks and calculated the local variance of each of the 9 overlap-
£ ping 3 x 3 sub-blocks inside each block. An estimatighof thel-
3 4 th block noise variance was calculated by averaging the 4 smallest
sub-block variances. Then, we calculated the histogtéf) of
2 ol the block variances. An initial global estimate for the frame noise
o -0 bottom variance was obtained by calculating the mean squared value of
! grtifact?')signal gtrengtﬁ ° the histogram [13]:
Fig. 4. Blurriness metric results for test sequences ‘Bus’ contain- 9 Z’,jzgw k*h(k)
ing only blurriness for videos. 51= szgm h(k) ) 8)

magnitude of the edge pixeld{ (¢, j), and their orientation) (s, j). Since the pre-processing stage does not do a perfect job in elim-

We selected only the strong edges of the fram&{, j) > 25). inating the content effect, Eq. (8) usually overestimates the vari-
The width of an edge is defined as the distance between theance. This problem was reduced by implementing a fade-out of

two local extremesP; and P», on each side of the edge, as shown the histogram using a simple cutoff function with threshg|d=

in Figure 3. If the edge is horizontaP; will be located above the 1.5 s;.

edge pixel, whileP, will be below it. If the edge is verticalP An improved value of the mean squaredwas computed it-

will be located to the left of the edge pixel, whil& will be to the eratively using the following expression:

right of it. The width of the edgewidth(i, j), at position(i, 7)

is given by the difference between the two extreneéi, j) and 5 S omas o2 gi(o)h(o)

P»(i,7). The blurriness signal strength measure for a frame was Si+1 = omar g (o Vh(o) ©)

obtained by averaging widths over all strong edges of this frame. 7=0

So, given that a fram& hasL strong edges pixels, the blurriness whereo,,.q.. is the maximum value for obtained while calcu-

signal strength measure for this frame is given by: lating the histogram. The initial valug was taken from Eq. (8)
N M and the mean squared value was refined successively. After three
blurriness= — >~ " width(i, 5). ) to five iterations, convergence was achieved. The final estimate
L i=0 j=0 of the frame noise variance and, therefore, of the noisiness signal
The blurriness signal strength measure for the whole video wasstrength, is given by |, wherel,,.... indicates the total number
obtained by averaging the measurements for all frames. of iterations used. The noisiness signal measure for the set of all
Figure 4 displays the results of applying this metric on the test frames was obtained by averaging the measures for each frame.
sequence containing only blurriness for the original ‘Bus’. ¥he Figure 5 shows the results of applying this algorithm to the test

axis of the graphs corresponds to the six blurriness signal strengthsequence with only noisy artifacts for the original ‘Bus’. Thke

(see the fourth column of Table 1) and thexis corresponds to  axis of the graphs correspond to the six noisiness signal strengths
blurriness metric. Each curve corresponds to one different region (see fifth column of Table 1) and theaxis correspond to noisi-

of the video. As can be seen from this figure, the blurriness met- Ne€ss metric. As can be noticed, the noisiness metric increases as
ric increases as the artifact signal strength increases. This metricthe signal strength of the noisiness increases. Notice that there is a
although very simple, was very robust and insensitive to contents. considerable difference between the three curves corresponding to
different regions of the video. This reflects the fact that the outputs
of noisiness metrics are very influenced by the video content. Nev-
ertheless, the correlation of the noisiness metric with the percep-
Most existing noisiness metrics are designed for still images and, tual artifact strengths given by the subjects was gooe-(0.74)
frequently, they require some information about the original [12]. and the metric performed well for our purposes.

2.3. Noisiness Metric
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signed a set of artifact metrics for blockiness, blurriness, and noisi-
ness. To evaluate the performance of each artifact metric, we tested
its ability to detect and estimate the artifact signal strength for test
sequences containing only the artifact being measured. Finally, we
obtained a model for overall annoyance based on a combination of
the artifact metrics using both a Minkowski metric and a linear
model. Both models presented a very good correlation with the
data and no statistical difference in performance.
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4. CONCLUSIONS

The goal of this paper was to test the possibility of predicting the
overall annoyance of videos impaired with combinations of block-
iness, blurriness, and noisiness metrics. With this purpose we de-



