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ABSTRACT
In this paper, an effective reduced reference (RR) video
quality assessment (VQA) is proposed by depicting both the
spatial and temporal statistical characteristics of the video
signals. For each video frame, spatial information change
(SIC) is employed to depict the energy variation. A novel
mutual masking strategy based on the extracted SIC is proposed to accurately simulate the human visual system
(HVS) texture masking property. For adjacent video frames,
the temporal relationship is depicted by block-based motion
estimation (BME). The generalized Gaussian density (GGD)
function is employed to depict the histogram natural statistic
of the residual frame after BME. The city-block distance
(CBD) is used to measure the distance between histograms
of the original and distorted video sequence. By pooling the
measurements from both spatial and temporal perspectives,
an efficient RR VQA is constructed. With the evaluations on
the public video quality database, the proposed RR VQA
demonstrated to be more effective than the representative
RR VQAs and even the full-reference (FR) VQAs, such as
peak signal-to-noise ratio (PSNR) and structure similarity
index (SSIM) in matching the subjective ratings. Furthermore, the proposed RR VQA demonstrated to be much more
effective and efficient, requiring only a very small number
of bits for the RR feature representation.
Index Terms— Reduced reference, quality assessment,
motion estimation, mutual masking, human visual system
(HVS)
1. INTRODUCTION
Nowadays, more and more information blooms in the internet and is presented to consumers in the form of visual signals, especially images and videos, as the intuitive and faithful depiction of things in life and work. The images and
videos are affected by a wide variety of distortions during
acquisition, compression, storage, processing, transmission,
and reproduction processes, which result in the perceptual
quality degradation [1]. As a result, perceptual quality assessment plays a very important role in today's visual signal
processing and communication systems.
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The subjective quality assessment methods are believed
to be the most reliable way for evaluating the perceptual
quality of the visual signal. However, subjective quality
assessment suffers from drawbacks as following. First, it is
time-consuming, laborious and expensive, and requires
many human subjects and repeated viewing sessions.
Second, it is not feasible for on-line or practical signal manipulations (such as visual signal transmission). Third, even
in the cases where human assessment is possible (such as
manufacturing assembly lines) and cost is not a problem, it
depends upon the assessor's physical conditions, emotion
states, personal experience and preference, and so on.
Therefore, in order to tackle these drawbacks, many researchers carried on subjective testing processes by recruiting many observers into the subjective assessment. The subjective rating scores after processing are believed to accurately indicate the true perceptual quality of the visual signal.
In this manner, several public image/video databases are
constructed, which consist of the distorted visual signals as
well as the corresponding subjective ratings. The representative image databases include LIVE [2], IRCCyN/IVC [3],
TID [4], the retargeting [5], and so on. The representative
video databases include LIVE [6], IVP [7], and so on. Based
on these databases, researchers can efficiently evaluate the
performances of quality metrics and thereby develop more
effective ones to automatically measure the perceptual
quality of the visual signal.
Objective quality assessment can be roughly classified
into three categories: full-reference (FR), reduced-reference
(RR), and no-reference (NR). FR quality metrics require the
full information of the image/video to evaluate the corresponding perceptual quality. Therefore, FR quality metrics
are mostly employed for visual signal compression, watermarking, and so on, where the original visual signal is fully
provided. The most famous and widely utilized quality metric is mean square error (MSE) and the related peak signalto-noise ratio (PSNR). They are appealing for their simple
formulation, easy computation and optimization [10]. However, it has been well recognized that MSE/PSNR does not
correlate closely with human visual system (HVS) perception [9]. Another representative FR quality metric is structural similarity index (SSIM) [10], as well as its relatives
[11] [12]. SSIM is derived by capturing the information loss

of image structures, which are believed to be more sensitive
to HVS. However, for practical applications, the original
image/video is always unavailable for quality analysis.
Therefore, NR quality metrics are demanded [13]-[15].
Most of the NR quality metrics in previous literatures focus
on evaluating images degraded by specific distortions, such
as JPEG compression, JPEG 2000, blurring, and so on. Recently, in [14] [15], machine learning methods are employed
to fuse the quality metrics designed for specific distortions
together. However, as the reference image/video is unavailable, the performances of NR quality metrics can still not be
ensured.
RR quality metrics are the compromise between FR and
RR quality metrics, which require part information or extract several representative features from the original visual
signal. Based on the extracted features, the perceptual quality of the distorted visual signal can be evaluated. The RR
features can be easily encoded and represented in limited
bits, which can be embedded into the visual signal or transmitted to the client side for quality monitoring. Based on
different ways of the approaches, RR quality metrics can be
roughly categorized into three classes [16] [17]. The first
approach is based on modeling the distortions. The quality
metrics [18] [19] are mostly developed for the videos degraded by specific distortions, such as MPEG-2 compression. The second approach is developed on modeling HVS.
The quality metrics [20] [21] [26] are developed by considering the HVS properties. For example, in [21], several
HVS related features are extracted to indicate the spatial
information losses, edge information changes, contrast information, and color impairments. Therefore, an effective
RR quality metric named as VQM is developed, which has
been adopted as a North American standard by ANSI. The
third type of approaches is based on modeling natural visual
signal statistics. The underline essential of these metrics [16]
[17] [22]-[25] is that most real-world distortions will disturb
the visual signal statistics. The variations of the statistics can
be used to quantify the degradation level of the image/video.
For example, generalized Gaussian density (GGD) is employed to depict the wavelet coefficient distribution in [22].
In [23] [25], GGD is employed to depict the coefficient distribution in reorganized DCT (RDCT) domain, which can
ensure better performance. These three types of approaches
are different but related. Therefore, in order to develop a
more effective RR quality metric, the visual signal statistics
and the HVS properties need to be considered together.
In this paper, a novel RR video quality assessment
(VQA) is proposed by depicting the distortions from both
spatial and temporal perspectives. Spatial information
change (SIC) is utilized to depict the energy variation of
each video frame. Moreover, SIC is researched to model the
HVS texture masking property in a mutual manner. Blockbased motion estimation (BME) is employed to depict the
temporal relationship between adjacent video frames. The
histogram of the prediction residual is characterized by
GGD to depict the natural statistics. CBD is employed to

Figure. 1. General framework of RR VQA
measure the histogram distribution differences between the
original and distorted video sequence. Finally, by pooling
the spatial and temporal measurements together, an effective
RR VQA is developed.
The rest of the paper is organized as follows. Section 2
will introduce the proposed RR VQA in detailed. The experimental results in Section 3 will demonstrate its effectiveness. Finally, Section 4 will conclude the paper.
2. PROPOSED REDUCED REFERENCE VIDEO
QUALITY ASSESSMENT
The general framework of the RR VQA is illustrated in Figure. 1. At the sender side, RR features which sensitively
correlate with the video distortions are extracted. With efficient representation, RR features are transmitted to the receiver side. By performing the quality analysis, the visual
quality index (VQI) of each distorted video sequence is obtained to indicate its perceptual quality.
The key components for constructing an effective and
efficient RR VQA are the processes of RR feature extraction, RR feature representation for transmission, and quality
analysis based on the RR features, respectively. First, at the
sender side, the RR features need to correlate with HVS
perception, which can effectively represent the level of the
introduced distortion. Second, RR features need to be efficiently coded and represented. The amount of the total RR
features should not be too large to introduce heavy overhead
burden for transmission. Third, at the receiver side, how to
compare the features from the original and distorted video
sequence needs to be further researched. Based on the feature comparison, the perceptual quality of the distorted sequence can be analyzed. In this paper, an RR VQA is proposed to handle the aforementioned three challenges, the
detailed information of which is addressed in the following.
2.1. Reduced reference feature extraction
As discussed before, the extracted RR features should not
only be sensitive to the HVS perception, but also represent
the degradation level of the distorted video sequence. Therefore, in order to accurately capture the distortion occurred in
both spatial and temporal domain, the proposed RR VQA

Figure. 2. DCT coefficient classification
will extract RR feature by considering the statistical information of each single frame (spatial) and adjacent frames
(temporal).
For compressed video sequences, distortion will be introduced to the discrete cosine transform (DCT) coefficients,
because of the quantization process. In order to accurately
depict the quantization distortions, an RR feature SIC is
employed to capture the distortions from the spatial perspective. After performing DCT, the DCT coefficients can be
grouped into four categories, namely DC coefficient, low
frequency (LF), edge (E), and high frequency (HF), as
shown in Figure. 2. According the experimental results in
[27], the coefficient values of LF, E, and HF can help to
determine the presence of edges or good approximation of
the block texture energy. Therefore, based on the values of
the DCT coefficients in the corresponding areas, the 8×8
block can be categorized into three types, namely plain,
edge, and texture. The HVS sensitivity to error is generally
highest in plain regions and decreases in the order of plain,
edge, and texture. In this manner, the HVS texture masking
property can be modeled, which have been widely employed
for developing HVS just noticeable difference (JND) model
[28].
In this paper, in order to capture the information
changes due to the compression, SIC is utilized by accounting for DC, LF, E, and HF DCT coefficients defined as following:
∑| | ∑| |
.
(1)
∑| | ∑| |
The quantization process will introduce different distortions
to different DCT coefficients. Higher quantization will be
assigned to higher frequency DCT coefficients, such as E
and HF coefficients. Therefore, SIC can help to capture the
distortions introduced by the compression process. Moreover, as discussed in [27], different DCT coefficients in different areas can represent the edge or texture information.
which can thus model the HVS texture masking property.
Therefore, SIC can further model the HVS texture masking
property to quantify the perceptual distortion.
From the temporal perspective, in order to extract the
perceptual related RR features, temporal relationships between adjacent frames need to be depicted. In [20] [24], the
adjacent frame difference is employed to measure the temporal content. However, the object motion information cannot be accurately depicted to model the HVS temporal prop-

erty [29]. In this paper, BME is employed to depict the temporal relationship:
(2)
,
1 ,
2,3, … , ,
where
indicates the prediction residual after performing BME, which compensates the inaccurate BME.
In order to further illustrate the statistical property of the
prediction residual, several video frames are chosen from
LIVE video database [6], as illustrated in Figure. 3. The
pixel values of
11 are scaled by 128
11 for
better visualization. Its histogram is illustrated as the blue
line. It can be observed that the histogram distribution is of
highly kurtosis (with a sharp peak at zero and a fat-tail distribution). As demonstrated in [22]-[25], the highly kurtotic
distribution can be modeled by generalized Gaussian density
(GGD) function defined as following:
,

where
0 and
function given by:
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are two parameters.

,

(3)

is the Gamma

.
(4)
The GGD fitting curve of each
11 for the original video sequences is illustrated in Figure. 3 (red line). It can be
observed that the two curves present nearly the same distribution, which means that GGD can accurately depict the
histogram distribution. Furthermore, in order to improve the
GGD modeling accuracy, another parameter named as cityblock distance (CBD) is employed to measure the difference
between the actual histogram and the GGD distribution
, , which is defined as:
(5)
∑
, ,
,
,
is the histogram bin number.
where
With the GGD modeling, the histogram statistical property of each prediction residual frame can be accurately de, , , which are
picted by three parameters , ,
employed as the temporal RR features.
2.2. Reduced reference feature representation
For each video frame, one RR feature SIC and three RR
features related to GGD and CBD, are extracted for quality
analysis from the spatial and temporal perspectives, respectively. How to encode and represent these RR features more
efficiently is another key challenge for RR VQA design. In
this paper, SIC parameter is quantized into 8-bit precision
for transmission. For the 3 GGD parameters, same as in [22]
, , are quantized into 8-bit precision,
[24], and
and is represented using 11-bit floating point, with 8 bits
for mantissa and 3 bits for exponent. In this manner, there
will be 8 8 8 8 3 35 bits required to encode and
represent the extracted RR features for each frame. If the
video sequence is of 25 fps, the RR data rate will be 0.875
kbps. Compared with other representative RR VQAs [21]
[30] [31], the data rate is very small, and therefore it can be
easily transmitted to the receiver side for quality analysis.

Figure. 3. Left:
obtained from each original video
sequence; right: the corresponding histogram (blue line),
and the fitted GGD curve (red line).
2.3. Quality analysis
At the receiver side, the transmitted RR features of the original sequence need to be firstly decoded. Then by comparing
the RR feature difference between the original and the distorted video sequences, the perceptual quality of the distorted video sequence can be analyzed. As the RR features
are extracted from both spatial and temporal perspectives,
the RR feature comparison should also be performed from
both perspectives. For the spatial SIC, not only the difference is computed, but also a mutual masking property is
considered to depict the spatial distortion:
|
(6)
|
where
captures the spatial distortions related to the spatial energy variation, which is caused by quantization
process. As discussed before, quantization process will discard more E and HF information than the DC and LF information. Therefore, according to Eq. (6), the larger the
value, the more the quantization distortion is introduced.
However, as aforementioned, different spatial contents will
present different HVS masking properties. The HVS sensitivity to error is generally highest in plain regions and decreases in the order of plain, edge, and texture. Therefore, in
this paper, in order to model the HVS masking property, a
novel mutual masking strategy is employed:
,
1
(7)
.
1
,

is the final HVS-related features to depict the
where
spatial energy variation.
in the denominator is employed
into the range 0,1 . When a frame containing
to scale
texture information is smoothed by the distortions, such as
the compression, the detailed texture information cannot be
perceived by the HVS. Therefore, no visual masking effect
should occur. Also if a smooth frame is distorted to be highly textured by the distortion, such as ringing and blocking
artifacts, only the noise can be perceived from the degraded
frame. In this case, there should be no visual masking effect
either. This phenomenon is named as the mutual masking
[33]. In [32], the mutual masking effect is determined by the
minimum value of the thresholds calculated from the original and distorted image. In this paper, Eq. (7) is employed to
model the mutual masking effect of the HVS perception,
and
is employed to
where the smaller value of
model the masking effect. In this way, only the image is
highly textured in both the reference and distorted images
and
values) can produce a significant
(large
masking effect.
For the temporal distance, what needs to be computed is
the histogram distance
between the original and distorted video:
(8)
|,
∑ |
where the histogram is constructed from the original preis obtained by revisiting
diction residual. The histogram
same motion vectors derived for the original sequence. Actually, for compressed video sequences, the decoder will
generate the same motion vectors for reconstruction. In this
can be easily constructed without introducing much
way,
overhead computation. However, the histogram is not
available at the receiver side. Therefore, the GGD model
introduced at the sender side is employed to approximate the
:
temporal distance
∑
∑
. (9)
,
,
∑

can be easily computed at the receiver
can be decoded from the
side, while ∑
,
transmitted RR features.
As the feature distances from the spatial and temporal
perspectives have been computed, how to combine these
values together needs to be further considered. In this paper,
in order to balance the contributions of the spatial and temporal features, a simply multiplication process is employed:
(10)
1
.
,

is the quality score for each video frame. By combining
values of the video frames, the final video quality index
(VQI) for each sequence can be generated. It is well known
that HVS is more sensitive to bad experiences of the visual
signals. It means that the HVS perception will be very easily
biased by the frames of the worst qualities during viewing a
video sequence. Therefore, in this paper, only the top
worst video frames rather than all the frames are employed
to generate the VQI. For simplicity, is experimentally set
as 17% of the total number of video frames per second.

Figure. 4. Scatter plots of the DMOS values versus model predictions on the LIVE video quality database. The star indicates
H.264 encoded video sequence, while the triangle indicates the MPEG-2 compressed video sequence. Top row from left to
right: J.246, RR-LHS, and SSIM; bottom row from left to right: RR metric [24], Yang’s RR VQA, and proposed RR VQA.
3. EXPERIMENTAL RESULTS
In this section, the effectiveness of the proposed RR VQA is
demonstrated by comparisons with other representative
VQAs. LIVE video database [6] is employed to illustrate the
performances of different VQAs. The performances are
compared by computing the statistical relationships between
the subjective rating values, specifically the difference mean
opinion score (DMOS) values, and the VQA outputs. The
procedure introduced in [8] [34] is followed to evaluate the
VQA’s performance. First, a logarithmic function is employed to fit the objective and subjective scores through a
nonlinear mapping process. Subsequently, the linear correlation coefficients (LCC) which provides an evaluation of the
prediction accuracy, the Spearman rank-order correlation
coefficients (SROCC) which measures the prediction monotonicity, root mean square prediction error (RMSE) of the
fitting procedure are utilized to measure the VQA’s effectiveness. Larger LCC and SROCC values mean that the objective and subjective scores correlate better, which generates a better performance. On the other hand, the smaller
RMSE value provides a better performance.
The performance of the proposed RR VQA is compared
with other VQAs, including the FR VQA PSNR and SSIM
[10], and recently developed RR VQAs J.246 [30], Yang’s
RR VQA [35], RR-LHS [31], and VQM [21]. Detailed information is illustrated in Table I. It can be observed that
PSNR performs the worst, even though it is the FR VQA
and requires the whole video sequence for quality evaluation. The reason is that PSNR only compares the pixel-level
absolute difference, which does not account for any HVS
and signal statistical properties. The corresponding perceptual quality cannot be accurately depicted. SSIM has been
demonstrated to be very effective for evaluating image per-

ceptual quality. However, for the video sequences, the performance is not good enough, compared with other VQAs.
There may be two reasons. First, the video sequence is encoded based 8×8 DCT block. SSIM computes the mean,
variance, and co-variance values based on overlapped
blocks. The distortions by the quantization process cannot
be clearly indicated. Second, the temporal distortions are not
considered in SSIM, which is proved to be crucial for evaluating the perceptual quality of the video sequence.
Table I. Performances of different VQAs over LIVE video
database (MPEG-2 and H.264 encoded sequences)
PSNR
SSIM [10]
J.246 [30]
Yang’s RR VQA [35]
RR-LHS [31]
VQM [21]
RR metric [24]
Proposed RR VQA

LCC

SROCC

RMSE

0.4488
0.5946
0.5036
0.5654
0.4557
0.7003
0.7567
0.7945

0.4157
0.5969
0.4460
0.5366
0.4082
0.6790
0.7486
0.7856

9.188
8.267
8.883
8.484
9.152
7.340
6.722
6.244

Reference
type
FR
FR
RR
RR
RR
RR
RR
RR

Data rate
(25fps)
10 kbps
0.2 kbps
64 kbps
150 kbps
0.875 kbps
0.875 kbps

For recently developed RR VQAs, Yang’s RR VQA
employs the DCT coefficient ratio to measure the video
quality, which results in a very small RR data rate (only 0.2
kbps). However, the performance is not pleasing, as the
temporal information is not considered. For J.246, the edge
pixels are extracted for quality comparison, which generates
higher RR data rate while the performance is not good
enough. For RR-LHS, the harmonic and discriminative
analysis is employed to depict the blocking and blur artifacts. The temporal motion information is employed to finally correct the quality values. The poor performance is
due to that the temporal information is not accurately modeled. The VQM [21] is derived by recording several features
which depict the spatial and temporal distortions. The per-

formance has been significantly improved. However, the RR
data rate is of huge burden for transmission (about 150 kbps
after feature compression process). The RR metric [24] well
balanced the performance and the RR data rate, with higher
LCC and SROCC values and a smaller RR data rate.
For the proposed method, it can be observed that the
proposed method outperforms the FR and RR VQAs. The
large improvement attributes to the following reasons. First,
the SIC feature can accurately depict the distortion introduced by the compression process. Second, a mutual masking strategy is employed to model the HVS texture masking
property. In this way, the HVS property can be accurately
modeled and employed for quality analysis. Third, BME is
employed to depict temporal relationships between adjacent
frames. With this consideration, motion prediction residual
can be more accurately modeled by GGD, which generates
an accurate temporal statistical property modeling. The scatter-plots of different VQAs over the LIVE video quality
database are illustrated in Figure. 4. It can be observed that
for the proposed method the sample points scatter more
closely around the fitted line. It means that the values predicted by the proposed method correlate better with the subjective ratings, specifically the DMOS values, demonstrating a better performance.
4. CONCLUSION
In this paper, a novel RR VQA is proposed by depicting the
spatial and temporal distortions, respectively. From the spatial perspective, the extracted RR feature SIC not only
measures the spatial distortions but also simulates the HVS
texture masking property in a mutual way. From the temporal perspective, BME helps to accurately model the temporal relationships, resulting in more effective temporal
statistical property characterization. Experimental results
demonstrate the proposed RR VQA can produce better performances with a lower RR data rate.
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