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ABSTRACT

An objective no-reference measure is presented to assess
fine-structure image/video quality. It was designed to mea-
sure image/video quality for video surveillance applications,
especially for background modeling and foreground object
detection. The proposed measure using local statistics re-
flects image degradation well in terms of noise and blur.
The experimental results on a background subtraction algo-
rithm validate the usefulness of the proposed measure, by
showing its correlation with the algorithm’s performance.

1. INTRODUCTION

Distortion is introduced in images and video through var-
ious processes such as acquisition, transmission and com-
pression. There are many ways to measure image/video
quality by objective or subjective assessment. Subjective
evaluations [1] are expensive and time-consuming. It is im-
possible to implement them into automatic real-time sys-
tems. Subjective measurements can be used to validate the
usefulness of objective measurements by showing strong
correlations.

Many objective image quality measures have been pro-
posed from simple mean squared error (MSE) metrics to
some measures incorporating elements of human visual per-
ception. It is well-known that MSE is suitable to describe
the subjective degradation perceived by a viewer. To over-
come the limitations of MSE, other measures mimick the
human visual system. For example, video quality metrics
based on the Standard Spatial Observer were presented in
[2]. A power spectrum approach which does not require
imaging a specific pattern or a constant scene was reported
in [3]. Recently, assuming that human visual perception is
highly adapted to extract structural information from scenes,
a framework for quality assessment based on the degrada-
tion of structural information was proposed in [4]. The
video quality expert group (VQEG) [5] is working on vali-
dating and standardizing video quality metrics for television
and multimedia applications. A number of objective quality
measures are evaluated and categorized in [6, 7].

Some measures [3, 8, 9] estimate the quality of coded
video or images without a reference quality standard such

as an original perfect image. In many situations, we cannot
guarantee that original sources of imaging or degradation
processes are available. No-reference metrics are not rela-
tive to the original but are absolute values for a test image
or video.

Our quality measure is no-reference objective metric em-
ploying local statistics to assess image/video quality. While
most techniques measure degradation of compressed im-
ages or video, ours takes any input image without reference
and assesses a quality measure related to performance of
video surveillance tasks. Our measurement may not have a
strong correlation with subjective evaluation provided by a
human observer.

This paper is organized as follows. Section 2 describes
four video properties to be considered for video surveillance
applications. Our quality measure is detailed in Section 3.
Experimental results are presented along with the perfor-
mance of a background subtraction algorithm in Section4.
Section 5 provides conclusions and future work directions.

2. VIDEO PROPERTIES: Q1 - Q4

The following four properties should be considered for the
performance of background modeling and foreground de-
tection.

e QI - noise: are errors in the image acquisition process
that result in pixel values that do not reflect the true
intensities of the real scene. It could be introduced
due to sensor sensitivity, electronic transmission, illu-
mination fluctuation, camera vibration, etc. For mod-
eling backgrounds, noise caused by pixel fluctuations
should be properly modelled.

e Q2 - contrast (blur vs. sharpness): could be affected
by camera optics, resolution, etc. Targets having low
contrasts or blur effects are not easy to detect or to
obtain accurate boundaries for further analysis.

e Q3 - color information: represents how well color
values are distributed over the intensity range.

e Q4 - clipping: Due to the range limitation of pixel
value representation such as [0-255], pixels which are
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Fig. 1. (left) 3x3 neighborhood with 4 center-symmetric
pairs of pixels, (right) original space station image

actually brighter or darker than these bounds are clipped.
For clipped pixels, it is difficult to model backgrounds
and detect foreground objects.

In this paper, we focus on Q1 and Q2 which are directly
related to performance of video surveillance systems.

3. FINE-STRUCTURE IMAGE/VIDEO QUALITY
MEASURE

In this section, A statistical local measure, CSAC (a Color
version of SAC described in the next paragraph), is pre-
sented. Then, it is extended to FIQ (Fine-structure Image/video
Quality) for image/video quality measurement. They incor-
porate both Q1 and Q2 described in Section 2. A median of
FIQ’s in a video can be used for a qualitative image/video
quality measure.

SAC (center-Symmetric Auto-Correlation measure) for
gray-scale images is defined by Eq.2 [10]. It is computed for
center-symmetric pairs of pixels in a 3x3 neighborhood as
in Fig.1-(left). 1 and o denote the local mean and variance
of the center-symmetric pairs. SCOV (center-symmetric co-
variance measure) is a measure of the pattern correlation as
well as the local pattern contrast. Since SCOV is unnormal-
ized, it is more sensitive to local sample variation. SAC is a
“normalized” gray-scale invariant version of the covariance
measure SCOV. The invariance makes SAC robust in the
presence of local gray-scale variability or noise. The values
of SAC are bounded between -1 and 1. For zero o, SAC is
defined as zero. For multi-band RGB-color imagery, CSAC
can be defined by Eq.3.
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By inspecting CSAC histograms in Fig.2, one can ob-
serve the effects of noise and blur. Each histogram shows
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Fig. 2. CSAC histograms of original, noise, and blur images
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the CSAC distribution of all the pixels in each image. Gaus-
sian noise and blur filters (of size 5 x 5) have been applied to
the original image in Fig.1-(right) to obtain noisy and blurry
versions used for generating the CSAC histograms in Fig.2.

Most CSAC’s of the original image are negative-symmetric,

which corresponds to edge-like patterns. CSAC’s close to
zero reflect noisy patterns. Positive-symmetric patterns cor-
respond to details in an image. The distribution of the Gaus-
sianNoise image is shifted toward zero. The GaussianBlur
image reduces noise as seen from its histogram around zero
compared with the original one. Note that both decrease
high details (positive-symmetric) in the original image.

However, we have two issues about a CSAC measure -
(1) It cannot be used for a quantitative image quality mea-
sure, (2) It represents the quality of a single image, not a
video or an image sequence.

In this regard, as an alternative of CSAC, a variance ratio
(VR) for gray-scale images can be defined by Eq.4 where
WVAR is the within variance over space and BVAR is the
between variance over time. For two consecutive frames of
frame number ¢ and ¢t + 1, WVAR and BVAR for each pixel
are defined by Eq.5 where N is 8-neighbors of an interesting
center pixel c. m(; ) is an average of two pixels p(, 1) and
P(z,y,t+1) (See FlgS)

~ WVAR
~ BVAR
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Fig. 4. Cumulative FIQ histograms - GaussianNoise
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VR can be viewed as signal-to-noise ratio since WVAR
is a measure of local pattern contrast and BVAR is measure
of noise over time. WVAR can also be defined in terms of
a second derivative-like measure or a laplacian to measure
fine structure quality better. A laplacian version is presented
in Eq.6. Let’s call the square root version using Eq.6 as
FIQ (fine-structure image/video quality) as in Eq.7. A FIQ
measure is a normalized laplacian and a ratio of within and
between frame variation. Note that FIQ is not ranged from
0 to 1 since WVAR and BVAR have different scaling fac-
tors. For color imagery, FIQ can be defined as an average of
FIQ’s of all color channels.
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While adding noise makes both WVAR and BVAR in-
crease, BVAR is increased relatively more than WVAR. In
blurred images, WVAR and BVAR are decreased. But WVAR
is decreased relatively more than BVAR since blur filters are
spatial low-pass filters. All these facts make FIQ measures
of ‘noise’ and ‘blur’ images smaller than that of an original
image. Fig.4,5 shows the cumulative FIQ histograms for the
image tested in Fig.2. Once all FIQ’s over space (all pixels)
and time (all frames) are obtained, a median of those FIQ’s
can be used for a quantitative image/video quality measure
since medians are robust statistics not affected by outliers.
We use the FIQ median as our image/video quality measure.
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Fig. 5. Cumulative FIQ histograms - GaussianBlur

The medians for the original, GaussianNoise (std=3.0), and
GaussianBlur (5x5, std=3.0) images are 1.680, 1.037, and
1.053 respectively. These values are pretty distinctive for
quality measurement. More noise and blur make these FIQ
medians smaller.

4. EXPERIMENTAL RESULTS

Our image/video quality measurement program produces
FIQ histograms in Fig.4,5 as well as a text output which
contains a FIQ median (related to Q1 and Q2), color en-
tropy (Q3), and clipping information (Q4), which are shown
below (For color images, an average value over all the color-
bands is reported.).

Image/Video Quality Statistics

-image.height = 240
—image.width = 360
—-number of frames = 50

—clipping low_bound and high_bound [20, 235]
[ Original ]
clipped_low = 0.16%
clipped_high = 1.46%
non-clipped = 98.38%
entropy 7.423942

FIQ median = 1.680336

[ GaussianNoise: mean=0.0, std=3.0 ]

clipped_low = 0.17%

clipped_high = 1.47%

non-clipped = 98.36%
entropy = 7.444018
FIQ median = 1.036869

[ GaussianBlur: 5x5, std=3.0 ]

clipped_low = 0.00%

clipped_high = 0.59%

non-clipped = 99.41%
entropy = 7.357112
FIQ median = 1.053170

Pixel values lower or higher than the given clipping bounds

are classified as ‘clipped’. The reason why we have a range



| || FIQmedianl FP | FN |

original 1.680 3069 | 2945
std =2.0 1.226 3325 | 2844
std=3.0 1.037 3659 | 2864
std=4.0 0.908 4169 | 2754
std =5.0 0.818 5266 | 2746

Table 1. Errors for GaussianNoise images

| [ FIQ median | FP | FN |
original 1.680 3069 | 2945
3x3,std=2.0 1.329 889 | 3332
5x5, std=3.0 1.053 710 | 3553
77, std =4.0 0.900 638 | 3870
9x9, std =5.0 0.789 572 | 4109

Table 2. Errors for GaussianBlur images

smaller than [0,255] is that actual clipping effects occur
before a pixel’s brightness reaches the min or max limit,
0 and 255. An entropy and a FIQ median are measured
only for non-clipped pixels. To measure color information,

for each color band, an entropy H is obtained by H =
high_bound

-
i=low_-bound
level 4.

The capability of detecting moving foreground objects
from a video sequence captured using a static camera is a
typical first step in visual surveillance. It is called ‘back-
ground subtraction’. We tested a codebook-based background
subtraction algorithm in [11] on the image sequences used
in Section 3. The original image sequence is filtered by
GaussianNoise or GaussianBlur. Detection performance is
centralized around errors of false positive (FP) and false
negative (FN).

As presented in Table.l, adding noise increases FP’s
while FN’s are relatively stable. In the GaussianBlur case in
Table.2, blurring increases FN’s dramatically which means
that there are a lot of miss detection. Note that it reduces
FP’s, but it does not affect its detection performance since
the background area is much larger than the foreground area.
Even, some spot FP’s in the original image can be elimi-
nated by simple post-processing. In overall, it is shown that
images (or a video) having lower FIQ’s achieve poor perfor-
mance.

p;i log p; where p; is the probability of the gray-

5. CONCLUSIONS AND FUTURE WORK

A fine-structure image/video quality measure has been pre-
sented. It has been shown that the proposed metric reflect
image degradation well in terms of noise and blur. For video
surveillance tasks such as background subtraction, FIQ can

be used to measure the quality of video. Testing on a back-
ground subtraction algorithm supports its usefulness.
Future research directions include the followings:

e Quality measurement for different system settings such
as different cameras, illuminations, focuses, or expo-
sures. An operator can tune a surveillance system to
get better performance.

e Applying our techniques to other video surveillance
tasks like tracking and recognition.

o Testing high-shutter videos. We observed that an im-
age sequence taken at a high shutter speed gives very
accurate foreground silhouettes.

e Automatic parameter estimation for background sub-
traction algorithms. We already used BVAR to es-
timate a sampling bandwidth of background model-
ing. This is very important for practical use of video
surveillance systems.
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