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SpEED-QA: Spatial Efficient Entropic Differencing
for Image and Video Quality
Christos G. Bampis, Praful Gupta, Rajiv Soundararajan, and Alan C. Bovik

Abstract—Many image and video quality assessment (I/VQA)
models rely on data transformations of image/video frames, which
increases their programming and computational complexity. By
comparison, some of the most popular I/VQA models deploy
simple spatial bandpass operations at a couple of scales, making them attractive for efficient implementation. Here we design reduced-reference image and video quality models of this
type that are derived from the high-performance reduced reference entropic differencing (RRED) I/VQA models. A new family of I/VQA models, which we call the spatial efficient entropic
differencing for quality assessment (SpEED-QA) model, relies
on local spatial operations on image frames and frame differences to compute perceptually relevant image/video quality features in an efficient way. Software for SpEED-QA is available at:
http://live.ece.utexas.edu/research/Quality/SpEED_Demo.zip
Index Terms—Entropic differencing, image and video quality
assessment (I/VQA), reduced-reference (RR) models.

I. INTRODUCTION
BJECTIVE image and video quality assessment (I/VQA)
models aim to predict visual quality without the need to
collect human subjective scores. These models often rely on
statistical regularities (viz., natural scene statistics—NSS) that
govern natural images and videos. NSS-derived features may
be used to quantify deviations from these statistical properties
that are predictive of visual impairments. There are three categories of objective I/VQA models: full-reference (FR), reducedreference (RR) and no-reference (NR). FR models [1], [2] compare possibly distorted signals against entire reference versions
of them. RR models [3]–[7] use only a subset of the reference
data to predict quality, whereas NR models use only the distorted
image/video to measure quality [8]–[10].
Among these three types of IQA/VQA models, RR approaches have received less attention. However, since FR models
produce highly correlated quality maps, therefore, it should be
possible to subsample their responses in space and/or time with
little degradation in performance [11]. Thus, here we seek to
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design efficient RR models that exploit the redundancies inherent in space-time distortions, by forming predictions of visual
quality from reduced sets of more descriptive image/video coefficients.
Most objective I/VQA models use a mapping to a different
coordinate domain, e.g., a wavelet decomposition [2], [3], [6],
[10], [12]–[14] or discrete cosine transform (DCT) [15]–[17],
whereas others achieve high performance using simple and local
spatial operations [1], [8].
Given the recently observed robust performance of spatiotemporal RR entropic differencing (ST-RRED) on a wide range
of VQA databases [14], [18], we chose to investigate whether
it is possible to design QA algorithms similar to ST-RRED,
but with reduced complexity, and without sacrificing quality
prediction accuracy. In particular, we have developed an RRI/VQA model called spatial efficient entropic differencing for
quality assessment (SpEED-QA), which is an efficient NSSbased model that applies local entropic differencing between
test and reference signals in the spatial domain. SpEED-QA is
very fast, yet it delivers highly competitive performance against
other objective I/VQA quality models. We organize this Letter
as follows. Section II discusses previous work on RR I/VQA,
whereas Sections III and IV introduce the SpEED-QA suite of
I/VQA models. Section V describes experimental results and
Section VI concludes with future work.
II. RELATED WORK
RR I/VQA models conduct objective quality prediction by
computing a set of perceptually relevant RR features from both
reference and distorted image/videos, and then comparing them.
For example, in [3], the marginal statistics of wavelet coefficients were modeled by a generalized Gaussian distribution
(GGD). The RR GGD models of reference and distorted image frames were compared using the Kullback–Leibler divergence (KLD), yielding visual quality predictions. In [5], the
Gaussian scale mixture (GSM) model [19] was used to statistically describe the neighboring wavelet coefficients. Divisive
normalization was applied to reduce the statistical dependencies between them, yielding a set of approximately Gaussiandistributed marginal wavelet coefficients.
A high-performing RR image quality model, called RRED
[6], was successfully extended to VQA in [14]. This model,
which does not require motion computation, is called ST-RRED.
The RRED framework computes and compares the subsampled
conditional entropies of the wavelet coefficients of image/video
frames and frame differences. Building on the NSS-based
I/VQA work in [2] and [13], a GSM-based informationtheoretic model was applied to wavelet coefficients assumed
to have been subjected to linear distortion followed by a neural
noise process. In ST-RRED, the absolute differences of the local
entropies of reference and distorted image/video frames (or
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frame differences), conditioned on the locally estimated variance field, are used to characterize image and video distortions.
Then, subband weights are applied to the computed spatial and
temporal entropies, which are combined in a product form. The
method developed here is based on the RRED framework, and
may be viewed as a highly efficient space-domain counterpart.
Similar ideas have also been applied in the DCT domain. In
[17], Ma et al. modeled image DCT coefficients as GGD, then
applied the city-block distance to compare between reference
and distorted RR parameters. A learning-based approach was
developed in [7], where orientation-selective descriptors were
used to predict image quality. A conceptually different approach
in [20] is based on the free energy principle.
III. SPEED-IQA: IMAGE QUALITY ASSESSMENT MODEL
A. Spatial Modeling
Many objective image quality models rely on two ideas. First,
a band-pass transformation applied on an image or video frame,
such as a DCT [21] or wavelet decomposition [19], [22] yields
coefficients that follow a heavy-tailed distribution. Second, the
statistics of divisively normalized spatial band-pass image responses tend toward an uncorrelated Gaussian distribution [8],
[23]. Distortions modify the Gaussian characteristic, hence objective quality models aim to quantify these statistical irregularities. The divisive normalization step broadly resembles local
gain-control mechanisms in biological visual systems [24], [25].
These ideas are effectively modeled in the spatial domain using
simple filters [23] in NR algorithms such as BRISQUE [8] and
NIQE [26] to achieve high quality prediction performance with
very low computational complexity.
RR models also make use of these properties, but they usually deploy mappings to different coordinate domains, like the
wavelet decomposition used in RRED [6]. Motivated by the
efficiency and successes of space-domain approaches to IQA
[8] and the high-performance and theoretical soundness of the
RRED framework, we sought to develop an efficient spatial
approach to RR quality assessment.
We begin by revisiting NSS regularities in the spatial domain.
While GSM models have been successfully used to model natural images in the wavelet/bandpass domain [19], [27], we model
blocks of good quality luminance images that have been locally
mean subtracted (MS) as following a GSM model. Let IM S =
(I − µ) be a M × N image of local MS coefficients, where
μ(i, j) =

K
L



wk ,l Ik ,l (i, j), µ = [μi,j ]

(1)

k =−K l=−L

where I is the image in the pixel domain, i = 1, 2, . . . , M ,
j = 1, 2, . . . , N are spatial indices, M , N are the image
height and width, respectively, w = {wk ,l |k = −K, . . . , K, l =
−L, . . . L} is a two-dimensional circularly symmetric Gaussian
weighting function sampled out to three standard deviations and
rescaled to unit volume and K = L = 3.
We model a r × r block of the bandpass responses IM S as
a GSM vector, i.e., a vector expressed as x ≡ zU, where ≡
denotes equality in probability distribution, U is an underlying
zero-mean Gaussian vector with covariance matrix Cu , and z is
a positive scalar random variable called the mixing multiplier.
The probability density of the GSM vector is given by



−xT Cu−1 x
1
px (x) =
exp
pz (z)dz.
z2
(2π)d/2 |z 2 Cu |1/2

Fig. 1. Marginal histograms of normalized and unnormalized MS field and
KLD values of their Gaussian fits.

The maximum likelihood estimate [27] of the scalar multiplier ẑ is computed per block using the block covariance matrix
Cu , which is estimated using neighboring responses from the
MS image IM S . Using ẑ to divisively normalize the MS coefficients yields Gaussianized variates x̃ = x/ẑ (see Fig. 1).
This divisive normalization decreases the mutual information
between MS coefficients and is more precise than the variance
normalization used in BRISQUE [8], and the weighted sum of
squares normalization used in [28]–[30].
B. Single-Scale SpEED-IQA
Here we describe the simplest, single-scale SpEED-IQA index, whereby the computed conditional entropies of spatially
corresponding MS block coefficients from the reference and
distorted images are compared. By scale, we refer to the size (relative to the original image resolution) that the model is applied
to. Let Cm k r be the MS coefficients of the reference luminance
image in block m and scale k, and Cm k d the corresponding
MS coefficients for the distorted image. The GSM model in the
spatial domain is then described by
Cm k r = Sm k r Um k r , Cm k d = Sm k d Um k d

(2)

where Sm k r and Sm k d are non-negative random variables independent of Um k r ∼ N (0, KU k r ) and Um k d ∼ N (0, KU k d ),
respectively. To model neural noise along the visual pathway,
these coefficients are further passed through an additive noise
channel yielding


Cm
k r = Cm k r + Wm k r , Cm k d = Cm k d + Wm k d

(3)

N (0, σw2 IN )

where Wm k r ∼
and Wm k d ∼ N (0, σw2 IN ).


Conditioning the MS coefficients Cm
k r and Cm k d on realizations of Sm k r and Sm k d yields Gaussian random vectors, and

allows for the computation of local entropies h as follows:

1
log[(2πe)N |s2m k r KU k r + σw2 IN |]
2
1

N 2
2
h(Cm
k d |Sm k d = sm k d ) = log[(2πe) |sm k d KU k d + σw IN |].
2
These entropies are further locally weighted [6] by the scalar
factors γm k r = log(1 + s2m k r ) and γm k d = log(1 + s2m k d )

h(Cm
k r |Sm k r = sm k r ) =


αm k r = γm k r h(Cm
k r |Sm k r = sm k r )

(4)


αm k d = γm k d h(Cm
k d |Sm k d = sm k d ).

(5)

This weighting approach enhances the sensitivity of SpEED to
spatio-temporal details. The neural noise variance σw2 was fixed
to the same small value of 0.1 as was used in [2], [6], [13], [14],
following the same rationale as detailed there. After calculating
the conditional block entropies of the reference and distorted
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TABLE I
IMAGE RESULTS ON LEADING IQA DATABASES
IQA model

LIVE

CSIQ

TID13

TID08

Overall

PSNR
SSIM [1]
FSIM [35]
MS-SSIM [31]
VIF [2]
RRED [6]
SpEED-IQA
SpEED-IQA-O3
MS-SpEED-IQA

0.8756
0.9479
0.9634
0.9513
0.9636
0.9429
0.9430
0.9397
0.9548

0.8058
0.8756
0.9242
0.9133
0.9194
0.9185
0.9252
0.9211
0.9344

0.6468
0.7450
0.8015
0.7859
0.6770
0.7726
0.7774
0.8331
0.7906

0.5559
0.7784
0.8805
0.8542
0.7491
0.8323
0.8419
0.8435
0.8630

0.6740
0.7979
0.8602
0.8428
0.7664
0.8305
0.8362
0.8617
0.8508

(luminance) images, the differences between the entropies of
the corresponding blocks are computed and then averaged over
all blocks, thereby yielding a single image quality score
SpEED-IQAk =

Mk
1 
|αm k r − αm k d |
Mk m =1

(6)

where k denotes the scale used in computation and Mk denotes the number of scalars (one for each block) used from the
reference and distorted luminance images.
The RR nature of the proposed model is similar to the waveletdomain RRED model: Only one entropy value per reference
and test block is transmitted and differenced. If the order of
differencing and averaging is reversed, then a “single-number”
(SN) algorithm results, whereby QA is conducted using a single
entropy value from the reference image [6]. The entire procedure can be similarly applied to any RGB or opponent-space
color channel in place of the luminance channel. This choice
will generally be application-specific, although we have found
a particular choice to work well (see Section IV-A and Table I).
An effective multiscale version of SpEED-QA may be devised by down-sampling each image (possibly multiple times),
then applying single-scale SpEED-IQA to each subsampled
block. The values computed at each scale can be combined, e.g.,
by using the perceptually optimized exponent weights used in
MS-structural similarity (SSIM) [31]. This multiscale approach
(MS-SpEED-IQA) increases the number of scalars and the execution time, but its prediction performance is even more competitive (see Table I).
IV. SPEED-VQA: VIDEO QUALITY ASSESSMENT MODEL
As we intimated earlier, similar ideas can be applied to the
VQA problem. The spatial SpEED-VQA index is obtained by
applying SpEED-IQA on every frame of the video sequence. To
capture temporal distortions, rather than relying on expensive
motion-estimation approaches [32], [33], SpEED-VQA computes conditional entropies on frame-differenced blocks (see
Fig. 2). Given each pair of successive luminance frames indexed
i, i + 1, we calculate their differences. Next, we apply the same
block-based decorrelation and conditional entropy calculations
as on the original luminance frames. As shown in [14], bandpass
frame differences nicely follow a GSM model. Thus, we compute the block conditional entropies of the frame-differenced
MS coefficients on the reference and distorted video; then difference and (average) pool them. Finally, by computing the
product between spatial SpEED-VQA and the corresponding
temporal score just arrived at, a SpEED-VQA score is obtained.

Fig. 2.

Overview of SpEED-VQA.

TABLE II
NUMBER OF SCALARS AND EXECUTION TIME COMPARISONS BETWEEN RRED
AND SPEED-IQA
IQA model

k

# Scalars

Time

SROCC

RRED
RREDopt
SpEED-IQA
SpEED-IQA

2
2
2
3

64L/2304
64L/2304
64L/2304
16L/2304

0.3138
0.0842
0.0587
0.0196

0.8305
0.8305
0.8128
0.8362

A weighted (by the number of images) average of time and SROCC was
computed across all four image databases. The proposed algorithm is denoted
by bold.

In our experiments, we found SpEED-VQA to be most effective
when applied at the coarsest scale (after downsampling by a
factor of 2 four times), i.e., k = 5. A similar observation was
made in [14] and may be related to the motion down-shifting
phenomena [34].
V. EXPERIMENTS
A. IQA Experiments
We selected several IQA models for comparison: PSNR [1],
SSIM [1], MS-SSIM [31], FSIM [35], RRED [6] and the proposed SpEED-IQA models (using a 3 × 3 block size), and
applied all of them on four widely used databases: LIVE [36],
CSIQ [37], TID13 [38], and TID08 [39]. As shown in Table I,
the proposed SpEED-IQA model performed competitively with
RRED, and outperformed the FR models SSIM and visual information fidelity (VIF). Multiscale SpEED-IQA further improved
on performance, matching MS-SSIM. It is interesting that using
the O3 color channel [40] greatly improved performance on the
distortion-specific TID13 database; but not against luminance
results in other databases. This may be due to the large number
of peculiar color distortions in TID13.
Most importantly, SpEED-IQA performed as well as its
wavelet domain precursor (RRED), but with much more computational efficiency. To investigate this claim, Table II shows the
data rates (number of scalars in terms of image size L) and execution time (in seconds) required for RRED and SpEED-IQA.
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TABLE IV
VIDEO RESULTS ON LEADING VQA DATABASES
IQA/VQA

Fig. 3. Prediction of different distortion levels: Left: differential mean opinion
score (DMOS) = 68.0166, SpEED-IQA prediction = 17.6358, MS-SSIM prediction = 0.8609; Right: DMOS = 51.4067, SpEED-IQA prediction = 7.9315,
MS-SSIM prediction = 0.8220. Note that DMOS increases with worsening
perceptual quality over [0, 100].
TABLE III
PERFORMANCE OF SPEED-IQA OVER DIFFERENT SCALES
Scale
1
2
3
4
5

# Scalars

LIVE

CSIQ

TID13

TID08

Overall

L/9
L/36
L/144
L/576
L/2304

0.8969
0.9422
0.9430
0.9213
0.8838

0.7643
0.9125
0.9252
0.8629
0.7537

0.5529
0.7466
0.7774
0.7291
0.6401

0.5623
0.8149
0.8419
0.7454
0.5887

0.6287
0.8128
0.8362
0.7766
0.6733

The best result is denoted by bold.

We also reimplemented RRED so that only the best performing
subband (band 16) was computed (we refer to this version as
RREDopt). An example of the ability of SpEED-IQA to closely
predict the monotonic relationship between objective and subjective scores is shown in Fig. 3.
Table II illustrates the major advantages of SpEED-IQA: drastically reduced execution time, using only one fourth of the image data as compared to RRED. SpEED performs very well at
lower scales than RRED, which contributes to its lower computational times. Furthermore, its performance is best at scale
k = 3, whereas at scale 2 it offers slightly lower performance.
The full multiscale version of SpEED-IQA requires more computation and a larger number of scalars. However, we have found
that the finest scale does not contribute much to performance
and it has a very small weight. Hence, it is possible to reduce
the complexity of MS-SpEED-IQA by removing the finest scale
without a noticeable loss in predictive performance.
We also studied the performance of SpEED-IQA across
scales, ranging from scale 1 (no down-sampling) down to scale
5 (a down-sampling of the image by 2 repeated four times).
Table III shows that SpEED-IQA performs best when k = 3,
whereas RRED performs best using scale k = 2 [6].
B. VQA Experiments
We again selected several leading VQA models for comparison: PSNR, SSIM [1], MS-SSIM [31], SSIM+ [41], ST-RRED
[14], and SpEED-VQA using 5 × 5 blocks), and applied them
on four video quality databases: LIVE-VQA [42], LIVE-Mobile
[43], Waterloo [44], and the recently designed LIVE-NFLX
Video QoE DB [45]. The latter two databases include both
quality changes and rebuffering events; hence, are highly relevant to video streaming applications. On these two databases,
we applied the VQA models only on the uninterrupted video
frames. On all databases and for all VQA models, only the luminance frames were used. SSIM+ is not publicly available;
hence, we report its performance only on the Waterloo DB.
Table IV shows that, except on LIVE-VQA, SpEED-VQA performs at par with ST-RRED, and significantly better than the

PSNR
SSIM
MS-SSIM
SSIM+
ST-RRED
SpEED-VQA

LIVE-VQA

0.5233
0.6947
0.7364
0.8052
0.7744

LIVE-Mobile
M

T

0.6870
0.7543
0.7507
0.8925
0.8971

0.5895
0.6608
0.6354
0.9122
0.9123

Waterloo

LIVE-NFLX

0.6715
0.8177
0.7928
0.8024
0.8196
0.8237

0.5257
0.7230
0.6979
0.7257
0.7273

We separately report the performance on the mobile (M) and tablet (T) subsets of the
LIVE-Mobile database.

TABLE V
WEIGHTED AVERAGE (BY THE NUMBER OF VIDEOS) PERFORMANCE ON LIVE
VQA, WATERLOO AND LIVE MOBILE, NUMBER OF SCALARS AND EXECUTION
TIMES REQUIRED BY LEADING VQA MODELS
IQA model
PSNR
SSIM
MS-SSIM
ST-RRED
ST-RREDopt
ST-RREDopt (SN)
SpEED-VQA
SpEED-VQA (SN)

# Scalars

SROCC

Time

L
L
5L
L/576
L/576
1
L/6400
1

0.6254
0.7455
0.7440
0.8493
0.8493
0.7576
0.8438
0.7847

0.0073
0.0060
0.1320
2.8069
0.2895
0.2895
0.0451
0.0451

L refers to the size of each video frame.

other models. Recently, we conducted a broad survey of the
predictive performance of ST-RRED [14], [18] on a wide variety of image/video quality databases and observed consistent
out-performance by ST-RRED. This level of performance is
closely matched by SpEED-VQA.
For a fair computational comparison between ST-RRED and
SpEED-VQA, we derived a computationally efficient version
of ST-RRED, which we call ST-RREDopt. In ST-RREDopt,
only the best performing subband of ST-RRED (band 4, which
corresponds to k = 4 and the vertical orientation) is computed
and used for quality assessment. Therefore, computing the full
steerable filterbank is avoided.
Table V also illustrates the advantages of the proposed model:
it requires less reference video data, is very fast, and delivers
quality prediction performance very close to that of ST-RRED.
Notably, the SN performance of the proposed model is better
than that of ST-RRED. As shown in Tables II and V, SpEEDQA performs as well as or better than (ST-)RREDopt but is
much faster. The main reason for the complexity reduction in
SpEED-QA is that it can operate at a lower scale than (ST)RRED, and it requires less reference video data. Furthermore,
the simple spatial filters employed by SpEED-QA may be easily
implemented and optimized.
VI. FUTURE WORK
SpEED-QA is a very efficient spatial-domain approach to RR
IQA and VQA. The main advantages are simplicity of concept
and implementation, very efficient computational complexity,
and very high quality prediction performance on both images
and videos. We envision deploying similar “conditional” approaches to I-VQA in the NR application context.
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