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Abstract—One of the main challenges in no-reference video
quality assessment is temporal variation in a video. Methods
typically were designed and tested on videos with artificial
distortions, without considering spatial and temporal variations
simultaneously. We propose a no-reference spatiotemporal fea-
ture combination model which extracts spatiotemporal informa-
tion from a video, and tested it on a database with authentic
distortions. Comparing with other methods, our model gave
satisfying performance for assessing the quality of natural videos.

Index Terms—video quality assessment, no-reference, spa-
tiotemporal, feature combination

I. INTRODUCTION

In this contribution we develop and discuss a no-reference
video quality assessment (NR-VQA) method. Quality assess-
ment is more difficult for videos than for images because
of the inherent space-time nature of video signals, and blind
quality assessment is more difficult than full reference quality
assessment.

Video BLIINDS [1] is one of the first NR-VQA methods
proposed. It applies a spatiotemporal model based on natural
scene statistics (NSS) of discrete cosine transform (DCT)
coefficients. The extracted features were then used in [1] to
train a linear support vector regressor (SVR) on the LIVE
[2] VQA database to predict quality scores. Based on Video
BLIINDS, a new model utilizing spatiotemporal NSS in the
3D-DCT domain was proposed later in [3].

In another method, Video CORNIA [4], unsupervised fea-
ture learning is applied to extract frame-level features, fol-
lowed by a linear SVR model, trained to predict frame-by-
frame quality scores. The final video quality score is obtained
by temporal pooling.

Unlike the aforementioned methods which all need a train-
ing phase, VIIDEO [5] is a totally blind VQA method that does
not require any training and subjective judgments. However,
since it is based on an idealized model of naturalness, it only
works well for artificially distorted videos [6].

Similar as the problem that VIIDEO faced, NR-VQA
becomes more challenging when it comes to natural real-
world videos compared with artificially distorted ones, since
natural videos usually have a combination of various types of
distortions. Therefore, even though current NR-VQA methods
give inspiring performance, a crucial shortage is that most
of them are designed and tested on artificial VQA databases.
Another deficiency of them is that only the methods based
on Video BLIINDS consider spatial and temporal information
simultaneously.

Fig. 1. Framework of STFC model.

Recently, a very simple feature combination (FC) VQA
model [6] which extracts quality-related features (i.e. contrast,
blurriness, colorfulness, spatial and temporal information)
from videos themselves gave competitive results on naturally
made videos compared with conventional NR-VQA methods.
However, most of the features in the FC model are frame-
by-frame ones; it did not consider about temporal variations,
which is far more important for perceptual video quality.
Inspired by [7], which analyzes spatial and spatiotemporal
slices for a full reference VQA method, we propose a spa-
tiotemporal feature combination model (STFC) which extracts
spatiotemporal features as a supplement and an extension of
the original FC model.

In this paper, we revised the original FC model by replacing
one of their features (blurriness) with another better one
(sharpness). Furthermore, we added another feature (exposure
time) which is also important for visual quality perception.
Another contribution of our work is that we extracted temporal
quality-related features, which addresses the problems that
caused by temporal variations. After comparing the perfor-
mance with other NR-VQA methods (i.e., Video BLIINDS,
VIIDEO, FC model, and Video CORNIA) on the same natural
VQA database, our STFC model gave rather competitive
results.

II. SPATIOTEMPORAL FEATURE COMBINATION MODEL

A. Overview

The framework of our STFC model is depicted in Figure 1.
For a video to be assessed, we extract two kinds of quality-
related features. Firstly, there are six spatial features: contrast,
colorfulness, exposure, sharpness, spatial information, and
temporal information. The other kind of features are temporal:
temporal contrast, temporal exposure, and temporal sharpness.
In this latter part, we not only extract temporal features from



Fig. 2. A video can be viewed as a cubiod in spatiotemporal space, where
two of the sides represents the spatial dimensions (x and y) and the third side
denotes the time dimension (t).

Fig. 3. Slices from the top-bottom view (top-right), left-right view (bottom-
left) and normal view (bottom-right) of the same video.

single slices, but also from slice-differences, thus resulting in
12 features in total for quality assessment. In order to predict
the video quality scores, an SVR model is then trained with
mean option scores (MOS).

As shown in Figure 2, a video can be viewed as a cubiod in
spatiotemporal space, where the sides of the columns and rows
represent the spatial dimensions x and y, respectively, and the
third side denotes the time dimension t. Normally, when a
video is played, all the frames are displayed in front-to-back
order, denoted as the normal view of a video. However, a video
can also be conceived as being played in the left-to-right or
top-to-bottom order, denoted as left-right view and top-bottom
view, respectively. These slices reveal temporal information as
shown in Fig 3.

B. Spatial Feature Extraction

For spatial features of a video, we take four of the features
(i.e., contrast, colorfulness, spatial and temporal information)
that were adopted in [6]. However, the method they used to
measure the blurriness is computationally expensive, thus we
replace blurriness with sharpness from [8], which provides a
fast algorithm based on the discrete wavelet transform. We
calculate the sharpness value for each frame in a video, and
then define the average over all frames as the sharpness of the
video.

Furthermore, exposure time which can be viewed as an
imbalance in brightness, also has a strong impact on video

Fig. 4. Left: the 190th slice from the left-right view of the pristine video tr1
from the LIVE database [2] (denoted as Prist-LR-Slice). Right: the 190th slice
from the left-right view of tr1’s distorted version (denoted as Distor-LR-Slice).
There is less contrast and less sharpness in the distorted slice.

Fig. 5. Left: slice-differences between the 190th slice and the 191st slice from
the left-right view of the pristine video tr1. Right: slice-differences between
the 190th slice and the 191st slice from the left-right view of the distorted
version of the pristine video.

quality from a visual perceptual aspect. Therefore, we add
exposure time as a new feature, which is the average of the
mean luminances of the three brightest and the three darkest
macroblocks in a frame [9]. The average exposure time over
all frames yields the exposure time of a video.

C. Temporal Feature Extraction

In this paper, we take the left-right view of a video to extract
temporal features, considering only grayscale. Comparing the
left-right view of a pristine video with its distorted version,
we found that some quality-related features differ, see Figure
4. As can be seen in Table I, the contrast and the sharpness
are smaller in the distorted slice. Moreover, the exposure time
differs as well. Therefore, we extract contrast, sharpness, and
exposure time from the slices of the left-right view of a video
as one part of the temporal features.

Furthermore, we also analyze the slice-differences of the
left-right view of a video. As shown in Figure 5 and Table
I, quality-related features between the slice-differences of a
pristine video (denoted as Prist-LR-Slicediff) and the slice-
differences of its distorted version (denoted as Distor-LR-
Slicediff) show obvious differences due to loss of information



TABLE I
VALUES OF CONTRAST, SHARPNESS AND EXPOSURE OF THE 190TH SLICE

AND SLICE-DIFFERENCES BETWEEN THE 190TH AND THE 191ST SLICE
FROM THE LEFT-RIGHT VIEW OF THE PRISTINE VIDEO AND ITS DISTORTED

VERSION.

Contrast Sharpness Exposure
Prist-LR-Slice 56.0 22.1 100.5
Distor-LR-Slice 54.7 20.8 103.2
Prist-LR-Slicediff 9.3 11.0 27.2
Distor-LR-Slicediff 7.0 8.9 30.9

because of degradation. Therefore, we also extract contrast,
sharpness, and exposure time from the slice-differences of the
left-right view of a video as a supplementary set of temporal
features.

The temporal features are averaged for all slices, respec-
tively slice differences, yielding six temporal features in total
in our STFC model. These refer to contrast, sharpness, and
exposure extracted from slices of the left-right view of a video;
as well as from slice-differences.

III. EXPERIMENTAL RESULTS

All the methods used in our experiments were tested on
KoNViD-1k [10], a video quality database that contains 1,200
real-world videos fairly sampled from the public YFCC100m
(Yahoo Flickr Creative Commons 100 Million) dataset and
rated with subjective scores. For Video CORNIA, we extracted
frame-based CORNIA [11] features and took the average over
all frames in a video, and then trained and tested on KoNViD-
1k. For both STFC and Video CORNIA, we used an SVR
with radial basis function kernel to predict objective scores.
The final performance was assessed by k-fold (k=5) cross-
validation with 10 repetitions. For other methods (i.e., Video
BLIINDS, VIIDEO, and the FC model), we use the results
from [6].

In order to evaluate the VQA methods, we adopted three cri-
teria, namely the Pearson linear correlation coefficient (PLCC),
the Spearman rank order correlation coefficient (SROCC), and
the root mean square error (RMSE) based on the predicted
scores and mean opinion score gained by human observers.

As shown in Table II, Video CORNIA gave the best
performance with the highest PLCC and SROCC, followed by
our STFC model. Note that Video CORNIA extracted 20,000
features from each video frame, which needed around 254
seconds on average per video in KoNViD-1k. However, our
STFC model requires only 12 features and is much simpler,
with average run time of 56 seconds per video.

IV. CONCLUSION AND FUTURE WORK

Our experiments with the STFC model for KoNViD-1k
showed that spatiotemporal features and exposure time as a
supplementary spatial feature improved the VQA performance
compared with the original FC model. Furthermore, it also
performs better than Video BLIINDS and VIIDEO, both of
which had been designed using artificially distorted videos
based on analyzing NSS. Instead of relying on some idealized

TABLE II
NR-VQA PERFORMANCE COMPARISON ON KONVID-1K.

PLCC SROCC RMSE
V.BLIINDS 0.565 0.572 0.526
VIIDEO -0.015 0.031 0.639
V.CORNIA 0.747 0.765 0.412
FC Model 0.492 0.472 0.556
STFC Model 0.639 0.606 0.425

model based on the naturalness of a video, which most of the
conventional methods do, extracting spatiotemporal features
from videos themselves can be a new point of view for further
work on NR-VQA.

In future work we will investigate more spatiotemporal
information from a video, using optical flow information for
another motion descriptor for quality assessment. Furthermore,
we will consider temporal local patch matching for object
tracking for VQA.
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