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Abstract: There is an urgent need for a robust video quality assessment (VQA) model that can efficiently evaluate the quality of
a video content varying in terms of the distortion and content type in the absence of the reference video. Considering this need,
a novel no reference (NR) model relying on the spatiotemporal statistics of the distorted video in a three-dimensional (3D)-
discrete cosine transform (DCT) domain is proposed in this study. While developing the model, as the first contribution, the
video contents are adaptively segmented into the cubes of different sizes and spatiotemporal contents in line with the human
visual system (HVS) properties. Then, the 3D-DCT is applied to these cubes. Following that, as the second contribution,
different efficient features (i.e. spectral behaviour, energy variation, distances between spatiotemporal frequency bands, and DC
variation) associated with the contents of these cubes are extracted. After that, these features are associated with the subjective
experimental results obtained from the EPFL-PoliMi video database using the linear regression analysis for building the model.
The evaluation results present that the proposed model, unlike many top-performing NR-VQA models (e.g. V-BLIINDS, VIIDEO,
and SSEQ), achieves high and stable performance across the videos with different contents and distortions.

1 Introduction
With the increasing interest of end users towards social media, e-
commerce, etc., the number of video contents ensuring
entertainment, displaying products, and many more activities has
grown significantly. These abundant video contents are subject to
many negative effects during their journey to the end users. These
negative effects may result from the inaccuracy of the camera,
compression, transport, display operations, etc. Thus, they might
lead to a decline in the Quality of Experience (QoE) of the end
users. Easing these negative effects and keeping the QoE high can
only be achieved using a metric that is capable of measuring the
quality of the video degraded due to the different processes
implemented on it [1, 2].

During the last years, the researchers endeavour to find a metric
that takes into account the characteristics of the human visual
system (HVS) to objectively provide video quality scores
correlating well with the mean opinion scores (MOSs) obtained
from a group of observers’ opinions [3, 4]. In order to assist this
endeavour, three different objective metric models are utilised to
evaluate the quality of a distorted video [5]. One of these models is
the full reference-video quality assessment (FR-VQA) model
which relies on the comparison between the original/reference
video and its distorted version [6]. In another model, which is
called as the reduced-reference VQA (RR-VQA), information is
extracted from the original video to estimate the quality of the
distorted video [7]. In some circumstances, there is no access to the
original video and the only video at hand is a distorted one. Thus,
its quality must be measured without an original video or any
information related to it. From here, the need for no reference VQA
(NR-VQA) model arises, which only uses the distorted video.
Therefore, the NR-VQA model is high bandwidth cost-effective
and quicker to implement compared to its counterparts [3]. In light
of these facts, an NR-VQA metric is proposed in this study.

In the literature, there are different approaches to the NR-VQA
models. We divide these approaches into five levels, namely
Natural Scene Statistics (NSS) based models, bitstream-layer based
models, packet-layer based models, hybrid models and Natural
Video Statistics (NVS) based models. A recent trend among these
approaches is to utilise the three-dimensional (3D)-discrete cosine
transform (DCT) based models which belong to the NVS based

model approach and have recently gained popularity among
researchers for performing the NR-VQA. The reason for this trend
relies on the fact that natural videos have certain regularities in the
DCT domain that do not vary depending on the video content type.
Moreover, the presence of noise enables the modification of the
naturalness of the original videos [8]. To the best of our
knowledge, the video contents are not partitioned into the cubes
having different sizes and spatiotemporal contents in line with the
HVS properties in any of the proposed 3D-DCT based models in
the literature. Considering this motivation, a novel NR-VQA
metric is proposed in this study. This metric relies on the
segmentation of the video sequences adaptively into cubes of
different sizes and contents. In this segmentation process, as one of
the most significant contributions, the HVS related video properties
(i.e. edge and motion activity) are considered. Statistical analysis is
then performed in the 3D-DCT domain in the proposed study. It
should be stressed here that associating the adaptivity inserted into
the cubes of different sizes and contents with a 3D-DCT based NR-
VQA model is also one of the other significant novelties of this
study. By exploiting the 3D-DCT coefficients, a group of statistical
features (i.e. spectral behaviour, energy variation, distances
between spatiotemporal frequency bands (DSFBs), and DC
variation) is then extracted. As far as we know, these statistical
features are not considered in line with the 3D-DCT based models
all together in the literature, which is one of the important novelties
of this study. After that, these features are transformed into the
video-level features by the temporal pooling, which is
characterised by each feature. Finally, the features are mapped with
the subjective experiment scores obtained from the EPFL-PoliMI
[9, 10] video database for forming the proposed model. The
proposed model has three advantages over many top-performing
NR-VQA models. One of the advantages is that it provides better
performance compared to the existing DCT based NR-VQA
models. The second advantage is that the proposed model is not
specific to video distortion. In this way, the NR-VQA can be
performed without considering the video distortion characteristics.
The third advantage is that its high performance does not change
with the content of the video sequence. Hence, the VQA of any
video content can be easily performed in an NR manner using the
proposed model.
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The rest of this paper is organised as follows. Section 2
discusses the NR-VQA metrics existing in the literature. The
proposed method is introduced in Section 3. Through Section 4, the
results and discussions derived using the proposed method are
presented. The conclusions and discussions are described in
Section 5.

2 Related work
The NR-VQA models existing in the literature can be categorised
as the NSS based models, bit stream-layer based models, packet-
layer based models, hybrid models and NVS based models.

Blind/Referenceless Image Spatial Quality Evaluator
(BRISQUE) proposed in [1] is an NSS based NR-VQA model. The
model calculates the locally normalised luminance of the distorted
and original images whose statistical characteristics change in the
presence of the distortion. From the spectral behaviours of the
histograms belonging to the luminance values, many statistical
features (e.g. the mean, the shape and the variance) are extracted in
the model. These features, together with the subjective quality
scores, are exploited in order to train a regression model. The
distortion in an image altered by its NSS is considered for the NR-
VQA in the model namely Distortion Identification-based Image
Verity and Integrity Evaluation (DIIVINE) [11]. The DIIVINE
quantifies the distortions in two stages. The first stage involves
distortion identification. In the second stage, the quality of the
image is assessed by the distortion-specific quality assessment
method. While implementing these two stages, first of all, the
distorted image is decomposed by the wavelet transform. Then, the
statistical properties of the subband coefficients are utilised to
extract some features such as the shape parameter, the variance of
subband coefficients, the correlation between the bands, the
correlation between the scales and the across orientation statistics.
Using these features, the distortion type of distorted image is
identified. There are specific subjective quality scores for each
distortion type. After the identification stage, the statistical features
of the distorted images are mapped to these subjective scores using
the multiple regression analysis. Natural Images Quality Evaluator
(NIQE) [12] is another NSS based NR-VQA metric. The NIQE
extracts the NSS features from a group of natural images. These
features are the same features extracted in the BRISQUE model.
While developing the NIQE, after extracting the NSS features from
the images in the spatial domain, multi-variate Gaussian (MVG)
model is fitted to them. Then, the distance between the two MVG
models is calculated. None of the mentioned NSS based models
considers the relations between the sequential frames. Therefore,
these models cannot accurately estimate the quality of the videos.

A bitstream-layer based NR model, namely Quality Assessment
for Network Video via Primary Analysis (QANV-PA) is proposed
in [5]. The NR QANV-PA begins with a primary analysis of the
video frame header and the decoded packets. After the analysis, the
quantisation parameter, the frame display duration, the lost packets,
the frame type and the bitrate of each video frame are extracted.
The quantisation is considered as the reason behind the spatial
quality degradation. The packet loss and/or error propagation have
their contribution to quality degradation. The temporal pooling is
used to measure the video quality by utilising the quality of the
video frames. The contribution of each frame to the quality of the
video is computed by a frame display duration-based function in
the model. Another bitstream-layer based NR-VQA model, namely
Video Quality Assessment in the Compressed Domain (C-VQA) is
proposed in [13]. The model exploits three factors; the quantisation
parameter, the bit location and the motion to evaluate the quality of
the video. The bitstream-layer based methods are coding scheme-
specific methods and cannot be utilised for general purposes [14].

A packet-layer based model, namely Parametric Packet-Layer
Model for Monitoring Video Quality of IPTV Services is proposed
in [2]. This model consists of two units. These two units estimate
the video quality degradation resulting from the coded and packet
loss degradations, respectively. If the packet loss rate is zero, the
video quality is estimated based on a function which draws the
relation between the bitrate and the subjective video quality scores.
If the packet loss is not equal to zero, the quality is estimated by

utilising an exponential function. The exponential function
considers the packet loss rate, bit rate, and constants. The constants
in the function are adjusted by fitting the curves representing the
relations between the packet loss rate, bit rate and subjective video
quality scores. Another packet-layer based model is proposed in
[15]. This model is known as Content-Adaptive Packet-layer
Model for Quality Assessment of Network Video Services (CAPL).
The model considers the effect of the packet loss and compression
on the video quality. Utilising the information in the packet header,
the model extracts or estimates the number of bits, the positions of
the lost packets, the temporal complexity and the frame type. The
number of bits and temporal complexity, which represent the
temporal characteristics of the video, are exploited in the
estimation of the coding distortion. The frame type, the temporal
complexity and the lost packets’ positions are used to estimate the
packet loss distortion in the model. The packet-layer models have
reasonable complexity and suitable for the cases in which the
payloads are encrypted. On the other hand, the packet-layer models
have moderate accuracy as the NR-VQA models [16].

A hybrid model, namely Real-Time Monitoring of Video
Quality in IP Network (relative-PSNR) is proposed in [17]. The
model relates the packet loss to the video quality. For this purpose,
the model considers the coding bit rate, content characteristic,
packetisation and loss recovery. In the model, the video is
transmitted over a reference path of which the network statistics
and the video quality are known. The model obtains the codec
parameters of the video sent over the tested path and the network
statistics of the tested path. Eventually, the difference between the
tested and the reference path is measured by the model. This
measurement can quantify the improvement or degradation
resulting from the tested path. The Quality of Experience (QoE) of
HTTP Video Streaming (Application Performance Metric (APM))
[18] is another proposed hybrid model in the literature. The APM
considers three levels of Quality of Service (QoS): network QoS,
application QoS and user QoS (i.e. QoE). While implementing the
model, the parameters of the network QoS such as the bitrate,
packet loss rate and round-trip time are extracted. These
parameters are then utilised to estimate the application QoS
parameters such as the startup delay and the rebuffering's time and
frequency. Moreover, the QoE results are obtained using the
subjective tests conducted with the QoS parameters. In order to
evaluate the performance of the model, the correlation results
related to the network QoS parameters, the application QoS
parameters and the QoE results are computed. Another hybrid
model, namely QoE Prediction Model over Universal Mobile
Telecommunication System (UMTS) Networks (UMTS quality
model) is proposed in [19]. The model predicts the quality of
videos transmitted over the UMTS. In the model, three features
namely the Sender Bitrate (SBR), Block Error Rate (BER) and
Mean Burst Length (MBL) are combined using the nonlinear
regression analysis.

Another hybrid model, namely Spatiotemporal No-Reference
Video Quality Assessment Model, is proposed in [3]. The proposed
model considers the spatiotemporal complexity, the bitrate and the
packet loss rate features for the quality evaluation. In order to form
an NR-VQA model, a nonlinear mapping between the conducted
subjective test scores and the mentioned features is conducted in
the model. This model needs access to the packet headers in order
to find the bitrate and the packet loss rate. Then, to compute the
spatiotemporal complexity, the model needs to access the decoded
payloads of the packets. The access to the packet headers and the
decoded payloads takes time and makes the model complex. Video
Intrinsic Integrity and Distortion Evaluation Oracle (VIIDEO) [20]
is a model that attempts to quantify disturbances in the statistical
regularities existing in the distorted videos. Unfortunately, VIIDEO
ignores HVS characteristics [21]. As opposed to this model,
considering the HVS is one of the important contributions of our
proposed model. Spatial–Spectral Entropy-based Quality (SSEQ) is
another hybrid model that utilises the local spatial and spectral
entropy features of the video frames [22]. Then, to build the model,
these features and the MOS scores are used to train a regression
learner. It should be stated here that the SSEQ model can only
estimate the spatial distortions. The temporal distortions are not
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computed in this model. However, both spatial and temporal
features are considered in our proposed model.

The NVS based models have recently been gaining popularity
among the researchers to perform the NR-VQA. This popularity
relies on the certain regularities that the natural videos have and
their stability in the 3D-DCT domain [23]. Nevertheless, the
existing noise enables the naturalness modification of the videos. It
should be emphasised here that the DCT based models, which
belong to one of the important classes of the NVS based models,
will specifically be mentioned here due to their recent popularity
and advantages. A DCT based model is proposed in [8]. The name
of the model is Blind Prediction of Natural Video Quality (V-
BLIINDS). According to the proposed model, 2D-DCT is locally
applied to the frame-difference-blocks in the spatial domain. Then,
the 2D-DCT coefficients’ histograms are utilised to extract some
features to capture the deviation in the NVS. As opposed to this
model, the 3D-DCT is utilised in our proposed model. The 2D-
DCT is computed for the blocks of the fixed-sized frames in the
Artefact Measurements and Statistical Analysis namely model
proposed in [24]. In order to measure the deviation in the NVS
resulting from the presence of the distortion, the computed 2D-
DCT coefficients are partitioned into different frequencies and
orientation bands. Then, the 2D-DCT coefficients in each band are
exploited to extract six frame-level features. Following that, the
frame-level features are transformed into the video-level features
by the temporal pooling. Using the obtained subjective quality
scores and the six features, a multilayer neural network is trained
for forming the proposed model. The proposed model has a
disadvantage that the sizes of the 2D-DCT block are not adaptive.
This hinders the model from being in accordance with the HVS
properties. Moreover, the distortion in the temporal domain is not
considered by the model. In order to quantify the NVS deviation
resulting from the presence of the distortion in the video sequences,
the 3D-DCT is computed in the proposed model namely
Spatiotemporal Statistics for Video Quality Assessment [23]. This
model is the only model in the literature which is doing analysis on
the spatiotemporal statistics of the video in the 3D-DCT domain.
Thus, it can be considered as the closest model to our proposed

model. The window size of the 3D-DCT is fixed and the window
slides with a fixed step in the spatial and temporal domains to scan
the video sequence in [23]. The 3D-DCT coefficients are utilised to
extract a set of features describing the spectral behaviour, the
energy fluctuation and the distribution variation of the AC
coefficients.

The extracted features and subjective quality scores are used to
build a linear support vector regression model to develop the
proposed model. This model has a disadvantage that even though
the videos contain different types of contents and differ from each
other in terms of the spatial features and motion activities, the
sliding window's size and step are fixed, and the same features are
extracted from each window.

3 Proposed model
The diagram of the proposed method is presented in Fig. 1. 
Considering this diagram, this section, first of all, represents how
the successive frames of the video sequences are segmented into
the cubes of different sizes and contents in Adaptive Cube Size
(ACS) algorithm. Then, the derivation of the 3D-DCT coefficients
associated with the distorted video sequences is introduced.
Following that the various statistical processes used in the feature
extraction process are described in detail.

3.1 ACS algorithm

The ACS algorithm used in the proposed method segments the
video sequences into the cubes with multiple dimensions and
different contents. The dimensions of the cubes can be 4 × 4 × 4
pixels (i.e. the small cubes) or 8 × 8 × 8 pixels (i.e. the large cubes).
Each large cube is built by combining eight small cubes.

In order to form the ACS algorithm in accordance with the
HVS, first of all, the video sequences are partitioned into the cubes
of sizes 4 × 4 × 4 pixels. The reason for using this 3D size for the
cubes is that the best performance can be achieved with the cubes
of sizes 4 × 4 × 4 pixels, as stated in [23]. Then according to the

Fig. 1  Diagram of the proposed method
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presence of the edges and motion activities in these cubes, their
sizes are changed adaptively.

In this study, each small cube consists of four layers and each
layer contains 4 × 4 pixels. The edges or spatial information of
each layer in these cubes is computed by performing edge
detection with the Canny filter [25] in the proposed method.

Then, the motion vectors (MVs), which are the results of
estimating optical flow between the four layers in each cube, are
computed using the Farneback method [26]. This method relies on
polynomial expansion and can estimate the direction together with
the speed of a moving object from one frame to another. After that,
the ACS segmentation process is performed. In this process, if the
amplitude of one of the MVs in a small cube is greater than or
equal to 1 pixel and/or the cube contains edges, the size of the cube
remains 4 × 4 × 4 and the cube is labelled as a first type cube. It can
be considered an informative cube because of its high motion
and/or spatial activity. If the cube does not contain edges and the
amplitudes of the MVs are less than 1 pixel, two types of cubes can
be defined; second and third types. The second type of the cubes is
of 8 × 8 × 8 size and formed by connecting the eight cubes of the
cubes having 4 × 4 × 4 sizes. These eight connected cubes have no
edges and their MVs are less than 1 pixel (i.e. the movement and
spatial activity of the 8 × 8 × 8 cubes is low). If low motion and
spatial activity cubes are distributed, the joining process cannot be
performed and the cubes are labelled as third type cubes. The
second and third types of cubes can be considered as the non-
informative due to their low spatial and movement activities. In
Fig. 1, small white cubes belong to the first type, the large white
cubes represent the second type and the small black cubes present
the third type. As can be seen from the figure, the large cubes may
partially overlap with each other.

3.2 3D-DCT spatiotemporal statistics

In the proposed method, the 3D-DCT spatiotemporal statics are
extracted after the ACS segmentation process, as can be seen from
Fig. 1. Therefore, how the 3D-DCT is calculated will be explained
in this subsection. 1D-DCT for a signal x(n) can be defined as
follows [27]:

X k = ∑
n = 0

N − 1
x n cos π

N n + 1
2 k (1)

where N represents the total number of pixels (i.e. 64 for the cube
of size 4 × 4 × 4) and k ranges from 0 to N − 1. Because the DCT is
separable, the 2D-DCT is computed by applying the 1D-DCT for
each row of the input signal than to each column of the resulting
matrices. As a result, in each cube of size 4 × 4 × 4, there are four

layers of size 4 × 4. The coefficients in each layer are 2D-DCT
coefficients. By implementing the 1D-DCT on the 2D-DCT layers,
the 3D-DCT is calculated. The 3D-DCT contains the time
dimension. These 3D-DCT coefficients consist of a DC coefficient
and AC coefficients. By calculating the 3D-DCT for a 4 × 4 × 4
cube (4 × 4 × 4 = 64 spatiotemporal frequencies), 63 AC
coefficients and a DC component result in. Every kth AC
coefficient (k = 1, 2, ..., 63) overall cubes is represented as a
histogram as exemplified in Fig. 2 for two different spatiotemporal
frequencies. The same steps are applied to the 8 × 8 × 8 (512 = 8 × 
8 × 8) cubes. Thus, considering that the output of the 3D-DCT for
any cube size contains one DC coefficient, 511 histograms
belonging to 511 AC coefficients are obtained in association with
the 8 × 8 × 8 cubes. The distortions found in a video sequence lead
to change the spatiotemporal statistics in the 3D-DCT domain. The
original video has statistics related to certain regularities. These
regularities change if the video is corrupted [23]. Considering this
aspect, the features extracted are associated with the 3D-DCT
spatiotemporal statistics, as will be discussed in the following
subsection.

3.3 Extracted features

In this subsection, the spectral behaviour, energy variation, DSFB,
and DC variation features are described, respectively.

3.3.1 Spectral behaviour: As aforementioned in the Section 3.2
and exemplified in Fig. 2 for the two different spatiotemporal
frequencies in the 3D-DCT domain, 63 histograms belonging to the
63 3D-DCT AC coefficients are obtained for the 4 × 4 × 4 cubes.
Then, the averages of the mean, skewness and standard deviation
of these 63 histograms are computed in accordance with the
spectral behaviour features.

It is observed from the distributions of the 63 histograms that
their shapes are different. Thus, to be able to find the shapes of
these distributions which are also considered as the spectral
behaviour features, generalised Gaussian distribution (GGD) is
fitted to the histograms as suggested in [8, 23]. However,
considering that the average skewness values are not too small to
be ignored, it is envisaged that we have to fit a convenient sensitive
probability distribution to the asymmetry of the histograms.

We have empirically succeeded in finding a convenient way to
fit these histograms with as little estimation errors as possible. For
this convenient way, the 3D-DCT AC coefficients in each
histogram are first divided into two groups (i.e. the positive and
negative AC coefficients). Indeed the zero value is considered as
the threshold in the division because it is very close to most of the
mean values of the histograms. After trying a large number of

Fig. 2  Histograms associated with
(a) 58, (b) 63 AC spatiotemporal frequencies in a 3D-DCT domain which belongs to an original video and its corrupted version. The solid line represents the original video and the
dashed line represents the corresponding distorted video
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continuous distribution models to fit these two groups, Gamma
Distribution (GD) [28] is chosen. This choice is compatible with
the conclusion stated in [29] as the Gamma distribution fits best to
the majority of the AC coefficients among the Gaussian, Laplacian
and Gamma distributions.

The GD can be applied to the positive numbers. Therefore, the
GD is fitted separately to the positive and the absolute values of the
negative 3D-DCT AC coefficients in each histogram. Thus, the
shape parameter of the GD is used as a representative for the
shapes of each part of the histograms in our method. The reason for
this choice is due to the importance of the shape parameter in the
estimation of the histograms’ decaying rates. Then, the mean of the
two shape parameters of each histogram is calculated to obtain a
specific value related to the shape parameters of the histograms.
Instead of calculating the mean of the 63 histograms’ shape
parameters, using the 4 × 4 × 4 arrays of the 3D-DCT coefficients,
we extract three frequency bands as illustrated in Fig. 3 with white,
light grey and dark grey cubes. In each 3D-DCT coefficient arrays
within the bands, the spatiotemporal frequency decreases as the AC
coefficient gets closer to the DC coefficient.

The extraction of the three frequency bands allows us to
discover the statics belonging to the shape parameters of the
histograms in more detail. Thus, the means of the histograms’
shape parameters in each of the three spatiotemporal frequency
bands are computed. Therefore, from the arrays of the 3D-DCT
coefficients, three values related to the histograms’ shape
parameters are extracted. These three shape-related features will be
used in the linear regression analysis performed, as will be
discussed later on in Section 3.4.

3.3.2 Energy variation: This feature is utilised in the metric
development process due to its good correlation with the VQA
scores [23]. It is calculated for the three types of the cubes, and it
contains two measures as P and E which represent the energy of
the 3D-DCT AC coefficients and this entropy, respectively. These
two measures are obtained by applying the following equations:

Pk = 1
Nc

∑
j = 0

Nc

log2 Ck j 2 (2)

Ek = − ∑
i = 0

Nb

pi Ck log2 pi Ck (3)

Here Ck(j) represents the kth AC coefficients of the jth cube, which
is formed by applying the 3D-DCT on the three types of the cubes.
Nc denotes the number of cubes. Pi(|Ck|) represents the probability
of falling the AC coefficient of the kth frequency into the ith bin. In
order to obtain a bin, the AC coefficients values of the kth
frequency within a histogram are normalised. Thus, the values
range between 0 and 1. After that, the range between 0 and 1 is
divided equally into 256 sub-ranges.

The bin represents one of these sub-ranges. Nb represents the
number of bins used, and it is equal to 256 in this study. If the
number of the AC coefficients is 63, the sizes of the Pk and Ek will
be 63. Therefore, to reduce the sizes from 63 to 1, the means of the
Pk, represented with P, and the means of the Ek, represented with E
are calculated. Since the P and E computations are performed for
the three cube types, six measures associating each of the cube
types with the P and E, namely P1, P2, P3, E1, E2, and E3, are
utilised in the quality prediction.

3.3.3 DSFB: The degree of the similarity between the histograms
of the 63 AC coefficients resulted from the distorted videos is low
compared to that resulted from the raw videos. This is due to the
spatiotemporal distortion represented by the distances between the
3D-DCT coefficients. Thus, the AC coefficients are divided
symmetrically into multiple bands in this study. After that, the
distances between these symmetric bands are calculated. As shown
in Fig. 4, the 4 × 4 × 4 cubes of the 3D-DCT coefficients are
divided into four layers through the z-direction. When taking into

consideration that the DC coefficient at layer 1 is not used, the
upper left AC coefficients at layers 2, 3 and 4 also are not also
considered. As a result, 60 AC coefficients are utilised to obtain the
DSFB. Then, the coefficients of each layer are divided into three
groups (three grey levels, as shown in Fig. 4). The mean of the
distances between these three groups in each layer is calculated by
the Euclidean method and named as the intra-layer distance. Thus,
there are four measures in each cube representing four intra-layer
distances. On the other hand, the distances between the 15 AC
coefficients existing in the four layers are named as the inter-layer
distances. Since there are four layers and three measures in each
cube representing the three inter-layer distances, seven distances
result in each cube of the first type. Finally, the averages of these
seven distances of the cubes are used as seven features related to
the DSFB. These seven features will be utilised in the linear
regression analysis in Section 3.4.

3.3.4 DC variation: As mentioned before, the 3D-DCT
coefficients are calculated by applying the 1D-DCT three times for
each cube. Therefore, after implementing the 1D-DCT twice for a
cube of size 4 × 4 × 4, four layers of size 4 × 4 which denote 2D-
DCT coefficients are found. The upper left coefficient in each layer
represents the DC coefficient, and the other 15 coefficients
represent the AC coefficients. As a result, the number of DC
coefficients in each 4 × 4 × 4 cube is 4 while their number in each
8 × 8 × 8 cube is 8. Then the mean of the differences between the
DC coefficients in each cube is calculated to show the temporal
variation. Eventually, the mean of these values over all cubes is
exploited as a feature, taking into account that this feature is
extracted from the three types of cubes.

It should be stressed here that, as can be noticed in Fig. 1, for
non-informative cubes whether the size is 4 × 4 × 4 or 8 × 8 × 8,
only energy variation and DC variation measures are computed.
The reason behind this relies on the fact that the most visible
distortion that may occur in the cubes free of edges and motion is
the flicker. The flicker can be captured by the DC variation feature
[8]. On the other hand, informative cubes can contain a wide range
of distortion types. The distortions in these cubes have important
effects on the overall quality of the video contents because of their
high motion and spatial activities. In order to measure these
different distortions, the informative cubes are utilised to extract
more features (i.e. spectral behaviour and DSFB features).

Fig. 3  3D partitioning process of the 3D-DCT AC coefficients cubes into
three spatiotemporal frequency bands. The DC coefficient is illustrated by
the white cube, and the three grayscale groups belong to the three AC
coefficients’ groups

 

Fig. 4  Four layers and the groups of the AC coefficients in each layer
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3.4 Feature combination and prediction algorithm

In order to map the features extracted from the distorted videos to
the subject scores, a linear regression model is trained using the
EPFL-PoliMI [9, 10] video database. This database contains six
raw videos at the Common Intermediate Format (CIF) and six raw
videos at the 4CIF resolutions. Twelve distorted video groups
associated with each of the raw videos are derived by encoding the
raw videos with the H.264/Advanced Video Coding (AVC) and
then adding packet loss rates which are simulated over error-prone
networks. This database is divided into training and testing sets by
using leave-one-fold out cross-validation method, as used in the
NSS based NR-VQA model proposed in [30]. The performance of
the proposed model and the other VQA models can be measured as
suggested in [24] by computing the mean and the standard
deviation of the Spearman's Rank Ordered Correlation Coefficients
(SROCCs) and the Pearson Linear Correlation Coefficients
(PLCCs) for 12 iterations of every possible training-testing
combination on the EPFL-PoliMI video database.

4 Results and discussions
In order to measure the performance of the proposed NR-VQA
model, the correlation values between the proposed model, popular
FR-VQA metrics (i.e. SSIM and PSNR), a popular RR-VQA
metric (VQM), three state-of-the-art NR-VQA models (i.e. V-
BLIINDS [8], VIIDEO [20], and SSEQ [22]) and the MOS scores
are derived separately by the SROCC and PLCC. Then, the means
and the standard deviations of the SROCC and PLCC results are
computed. It should be stated here that we extract the features of
the V-BLIINDS model using the code published by the authors
themselves in [31]. For fairness, the leave-one-fold out cross-
validation method and linear regression analysis are also used with
the V-BLIINDS model as in our model. Similarly, the VIIDEO
model, which can be downloaded from [32] is developed without
performing training using the MOS values. The last model, which
is called SSEQ and can be downloaded from [33], is trained and
validated in the same way as our model.

After the video quality scores are estimated by the models, the
SROCC and PLCC results are calculated for each fold of the
videos.

4.1 Comparison results with other VQA models

For all the tested models, the means and the standard deviations of
the derived SROCC and PLCC results can be seen in Table 1. The
proposed 1 denotes the proposed model in the table. The mean of
the SROCC and PLCC close to 1 indicates a high correlation with
the MOS values. The standard deviation of the SROCC and PLCC
close to zero denotes the robust performance of the model.

As can be observed from the results, the proposed method
presents good performance on the EPFL-PoliMI database. The
means of the SROCC and PLCC results of the proposed model are
0.9370 and 0.8823, respectively. Especially, the mean of the
SROCC results of the proposed model is very close to those of the
SSIM and PSNR. Considering that the SSIM and PSNR are widely
utilised FR-VQA models, these results appreciate the good
performance of the proposed model. On the other hand, the means

of the SROCC and PLCC results of the VIIDEO and SSEQ model
present very low values (i.e. 0.6702 and 0.6997, 0.778 and 0.7353,
respectively). In comparison with the V-BLIINDS model, the mean
of the SROCC results of the proposed method is higher.

As can also be observed from Table 1, the standard deviation
value for the proposed model is lower than that of the VIIDEO, V-
BLINDS and SSEQ models. This presents that the performance of
the proposed model is robust for all the video sequences existing in
the database.

In order to emphasise the performance-boosting effect of the
ACS algorithm on the proposed model, the non-adaptive proposed
model results are also obtained as can be seen from Table 1. The
non-adaptive proposed model results are named as Proposed 2 in
the table. In order to obtain the non-adaptive proposed model
results, the video contents are not divided into the adaptive size
cubes. The video contents are instead partitioned into the cubes of
sizes 4 × 4 × 4 considering that the 3D-DCT applied to the 4 × 4 × 4
sized cubes can explore the local spatiotemporal correlations [23].

The partitioning process is applied using a sliding window of
size 4 × 4 × 4 and a space step of size 4. After computing the 3D-
DCT for these cubes, all the statistical features (the spectral
behaviour, energy variation, DSFB, and DC variation features) are
extracted. Finally, a linear regression analysis model is built
utilising the MOSs and the extracted features.

As can be observed from the non-adaptive proposed model
results’ standard deviations, a big swing in the performance can be
noticed. We envisage that the reason behind the deterioration of the
performance is the extraction of the features from the fix size cubes
some of which are non-informative (i.e. they do not contain high
spatial and motion activities). Using these non-informative cubes
leads to redundancy. This redundancy modifies the values of the
features. Thus, this modification reduces the correlation between
the extracted features and video quality. Considering these results,
it can be clearly stated that the inclusion of the ACS algorithm to
the proposed model boost the performance of the model.

In order to derive Proposed 1 results with reduced time
complexity, Proposed 3 model results are also computed in this
study. The Proposed 3 model utilises only the first type cubes (i.e.
informative cubes) to calculate the 3D-DCT. Then, all the
statistical features (i.e. the spectral behaviour, energy variation,
DSFB, and DC variation features) are extracted from these cubes.
Eventually, a regression analysis model is trained using the MOSs
and the extracted features. The results of the Proposed 3 model are
also shown in Table 1. As can be seen from Table 1, the Proposed 3
model's SROCC and PLCC results are 0.9353 and 0.8687,
respectively. The performance and stability of the Proposed 3
model are very close to those of the Proposed 1 model since the
Proposed 3 model does not consider any non-informative cubes. It
can be clearly concluded after these results that the ACS algorithm
is quite effective in determining the informative cubes.

4.2 Time complexity analysis

The model proposed in this study contains many stages. It starts
with spatial and motion activity measurements. The Farneback
algorithm is used to compute the motion activity and this algorithm
can be calculated in different ways, but the fastest one is linear
[25]. The time complexity of the Canny edge detection is largely

Table 1 SROCC and PLCC results of different VQA metrics validated by the leave-one-fold-out method
Model Mean Standard deviation

SROCC PLCC SROCC PLCC
PSNR (FR) 0.9673 0.9662 0.0339 0.0222
SSIM (FR) 0.9778 0.9066 0.0234 0.0182
VQM (RR) 0.9709 0.9700 0.0322 0.0143
VIIDEO (NR) 0.6702 0.6997 0.3489 0.3244
V-BLIINDS (NR) 0.8963 0.8920 0.1352 0.1255
SSEQ (NR) 0.7780 0.7353 0.2225 0.2244
proposed 1 (NR) (with the ACS algorithm) 0.9370 0.8823 0.0703 0.0618
proposed 2 (NR) (without the ACS algorithm) 0.8636 0.8507 0.2210 0.1538
proposed 3 (NR) (only informative cubes) 0.9353 0.8687 0.0997 0.1013
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determined by the calculations associated with the convolutions of
the video frames with kernels of a fixed size [26]. Let H × W be the
video frame dimension and N be the number of the video frames. It
is possible to implement the convolutions for the video sequences
using the fast Fourier transform (FFT) in time as O(HWNlog2HW).

The ACS algorithm implements multi comparisons on the
spatial and motion activity measurement results. After that, it
divides the video sequence into different cubes. Therefore, it is a
linear algorithm. The 3D-DCT transform is computed for cubes of
size n × n × n (in our model, the sizes are 4 × 4 × 4 and 8 × 8 × 8). O
representing the big O notation, the fastest method that can perform
the 3D-DCT transform is of the order of O(n3log2n) [34]. Thus, the
time complexity of the 3D-DCT transform can be expressed by
(HWN/n3) × n3log2n = HWNlog2n.

The DC and the AC coefficients of the 3D-DCT transform are
used to obtain the four features called the spectral behaviour,
energy variation, DSFB, and DC variation. Calculating the energy
variation, mean, skewness and standard deviation in the spectral
behaviour is linear to the number of coefficients in each 3D-DCT
AC frequency (i.e. it is linear to the number of the cubes that are
used to extract the considered feature). Similarly, the DC variation
computation is linear to the number of the 3D-DCT DC
coefficients. On the other hand, DSFB computation is linear to the
number of cubes. Here, the number of cubes is less than HWN/n3;
n = 4. Fitting the gamma distribution is a stage which belongs to
the spectral behaviour estimation and it is solved by sweeping a
small interval by a specified step [28]. Therefore, it has less time
complexity than the other features (i.e. energy variation). Finally,
the linear regression is of the order of O(p2s + p3), where s is the
number of training samples and p is the number of features.

The non-adaptive proposed model (i.e. Proposed 2) does not
contain the ACS algorithm. Thus, there are no spatial and motion
activity measurements. In the Proposed 2 model, most of the
computations are done for calculating the 3D-DCT transform.
Therefore, the Proposed 2 model's time complexity is of the order
of O(HWNlog2n).

The Proposed model 3 does not exploit the informative cubes to
estimate the video quality. Thus, taking into account that the
number of the processed cubes by the Proposed 3 model is less
than those processed by the Proposed 1 model, observing lower
time complexity from the Proposed 3 model compared to the
Proposed 1 model is inevitable.

The V-BLIINDS's time complexity can be determined by the
complexity of the motion coherency computation and the DCT
transform. The computational complexity of the DCT transform is
of the order of O(HWNlog2n). Whereas, the motion coherency
computation consists of two-stages. The first stage is motion
estimation and it is of the order of O(n2). The second stage is the
localised computation of the tensor and it is of the order of O(w3).
While the motion estimation algorithm is applied on n × n blocks,
the localised computation of the tensor is calculated over square
windows of size w × w [8]. The time complexity of VIIDEO, as
mentioned in [20], is O(HWNlog2HW). The SSEQ algorithm is of
low complexity when it is compared with V-BLIINDS [22]. It
should be stated here that even though the time complexity of some
of the VQA models might be lower than the proposed model, the
superiority of it is very clear as can be noticed from the
experimental results.

5 Conclusions and future work
In this study, an NR-VQA model has been developed based on the
spatiotemporal statistics of the 3D-DCT coefficients of video
contents. During the development process, the video contents have
been partitioned adaptively into the cubes differing from each other
in terms of the size, spatial and temporal contents. Then, different
features (i.e. spectral behaviour, energy variation, DSFB, and DC
variation) have been extracted from every type of the cubes.
Following this, a linear regression model has been trained by the
extracted features and the MOSs obtained from the EPFL-PoliMi
database. According to the performance assessment results of the
developed model, it can be clearly stated that the model's

performance is highly competitive with the many other NR-VQA
methods (e.g. V-BLIINDS, VIIDEO, and SSEQ). In our future
studies, a content classification algorithm will be developed and
associated with the proposed model. Moreover, we are planning to
implement the proposed model on a wider range of VQA databases
(i.e. LIVE and CSIQ) in our future studies.
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