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Abstract— JPEG images captured in poor lighting conditions
suffer from both low luminance contrast and coarse quantization
artifacts due to lossy compression. Performing dequantization
and contrast enhancement in separate back-to-back steps would
amplify the residual compression artifacts, resulting in low
visual quality. Leveraging on recent development in graph
signal processing (GSP), we propose to jointly dequantize and
contrast-enhance such images in a single graph-signal restoration
framework. Specifically, we separate each observed pixel patch
into illumination and reflectance via Retinex theory, where we
define generalized smoothness prior and signed graph smoothness
prior according to their respective unique signal characteristics.
Given only a transform-coded image patch, we compute robust
edge weights for each graph via low-pass filtering in the dual
graph domain. We compute the illumination and reflectance
components for each patch alternately, adopting accelerated
proximal gradient (APG) algorithms in the transform domain,
with backtracking line search for further speedup. Experimental
results show that our generated images outperform the state-of-
the-art schemes noticeably in the subjective quality evaluation.

Index Terms— Contrast enhancement, de-quantization, image
decomposition, graph signal restoration.

I. INTRODUCTION

THOUGH small cameras on mobile devices like phones
and tablets are now ubiquitous, in practice photos are

often taken haphazardly in non-ideal conditions, e.g., poorly lit
dark rooms. Given a captured image with low lighting contrast,
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typically contrast enhancement techniques are applied, most
of which assume that the input image is noiseless [1]–[5].
However, the majority of the images captured by consumer-
level mobile devices are compressed by JPEG [6], the most
prevalent image coding standard, to reduce storage / Inter-
net bandwidth cost. Compression artifacts, such as blocking
and ringing, are induced due to coarse quantization of dis-
crete cosine transform (DCT) coefficients. Thus the noiseless
assumption is typically not true in practice.

To handle both low light contrast and quantization effects,
one naive approach is to first perform state-of-the-art dequan-
tization (also known as soft decoding) on the JPEG image
[7], [8], then perform contrast enhancement. However, residual
compression artifacts in dark regions would be amplified dur-
ing enhancement, resulting in poor visual quality. On the other
hand, if one performs contrast enhancement on a decoded
JPEG image then employs a deblocking procedure in the pixel
domain like [9], then the deblocking procedure may destroy
image details along block boundaries.

Leveraging on recent progress on graph signal processing
(GSP) [10], [11], in this paper we propose a unified graph-
based Retinex optimization framework that mitigates quanti-
zation noise and boosts lighting contrast at the same time.
Specifically, we decompose an observed image patch into
a pixel-by-pixel product of two components, illumination
and reflectance, each of which has unique characteristics
(spatially smooth and piecewise smooth respectively) that
can be elegantly described as novel smoothness priors for
signals on graphs. In particular, for illumination we define a
generalized graph smoothness prior that is a generalization of
total generalized variation (TGV) [12] that considers higher-
order smoothness to the graph-signal domain.

For reflectance we construct signed graphs [13] with both
positive edges (to average out quantization noise among dif-
ferent pixels) and negative edges (to accentuate the differ-
ence between connected pixel pairs) to describe the desired
patch structure, so that the dequantized and contrast-enhanced
patch can be computed in a unified optimization formula-
tion. Edge weights are estimated efficiently and robustly via
low-pass filtering in the dual graph domain [14]. Unlike
commonly used total variation (TV) and variants [5], [15]
that are convex but non-differentiable l1 norms, our pro-
posed graph smoothness priors for illumination and reflectance
can be computed as convex and differentiable weighted
l2 norms in each iteration, leading to intuitive and simple
optimization.
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Given quantization bin constraints, we compute illumination
and reflectance components for each patch alternately
using our designed accelerated proximal gradient (APG)
algorithms [16] in the DCT transform domain, with
backtracking line search for further speedup. We derive
a contrast boost factor per patch via global contrast-tone
mapping [3]. Experimental results show that our proposed
algorithm outperforms competing schemes noticeably in
subjective quality evaluation. Our technical contributions can
be summarized as follow:

1) We define graph-signal smoothness priors that simply
and accurately modeled the unique characteristics of
illumination and reflectance components of pixel patches
in a natural image;

2) We compute edge weights for the illumination and
reflectance components robustly via a simple optimiza-
tion in the dual-graph domain;

3) We design fast APG algorithms in the transform domain
to optimize the illumination and reflectance components
alternately; and

4) We demonstrate through extensive subjective exper-
iments that our dequantized and contrast-enhanced
images are visually more pleasing than competing
schemes.

The outline of the paper is as follows. We overview relate
work in Section II, then introduce the related preliminaries in
Section III, including image formation model, quantization
bin constraint and background for GSP. In Section IV,
we define signal priors for illumination and reflectance,
and formulate our optimization objective. We describe our
optimization algorithm in Section V. Finally, experimental
results and conclusions are presented in Section VI and VII,
respectively.

II. RELATED WORK

We briefly overview related works to our proposed method
on three main aspects: 1) Retinex model based contrast
enhancement; 2) JPEG-compressed image dequantization; and
3) graph-based image restoration.

A. Retinex Model Based Contrast Enhancement

The goal of contrast enhancement is to adjust the illumi-
nation distribution of an image to make more image details
visible. In image decomposition based contrast enhancement,
the Retinex model is the most popular underlying model,
which assumes that an image is a product of the illumina-
tion intensity and the underlying reflectance of the object.
Retinex model based decomposition is to separate illumination
from reflectance, which enables the reprojection of alternative
lighting, and thus has been widely adopted for image contrast
enhancement [1], [2], [5], [15], [17].

Estimating illumination and reflectance components from
a single image is an ill-posed problem. To make the problem
trackable, some methods casted the illumination / reflectance
decomposition as a statistical inference problem by posing
different priors on illumination and reflectance, and defined
a variational optimization to search for the most likely

solutions. For instance, Ng and Wang [2] assumed that the
reflectance is piecewise constant (PWC), and employed
total-variation (TV) to regularize reflectance. However,
this assumption of reflectance is too stringent, resulting in
over-smoothed images. Fu et al. [4] showed that the linear
domain model can better represent the prior information of [2]
than the logarithmic domain to achieve better estimation
of reflectance and illumination. Recently, in [15], to better
separate illumination and reflectance, Yue et al. introduced
a weighted �1-norm on neighboring pixels according to
the color similarity for computing the reflectance layer.
Guo et al. [5] proposed a weighted TV model to promote
structure-aware smoothing for computing illumination.

After illumination / reflectance decomposition, traditional
Retinex-based methods directly utilize the decomposed
reflectance layer as the enhanced result [18], [19]. However,
these approaches often result in unnatural enhanced images.
Many algorithms compensate illumination by gamma correc-
tion to enhance the contrast [4], [5], [15]. However, These
methods all assume that the input image is uncompressed
and noiseless. In practice, almost all images obtained from
the Internet or consumer imaging devices are compressed
to reduce storage cost. Subsequent gamma correction thus
amplifies compression artifacts hidden in dark regions, dam-
aging the resulting image reconstruction quality. Li et al. [20]
decomposed an image into structure (i.e., the main objects) and
texture (i.e., the fine details) and processed them separately.
However, [20] failed to boost the contrast of images well due
to the limitation of the adopted tone-curve function. Instead,
we propose a unified optimization, which suppresses compres-
sion artifacts in the illumination / reflectance components and
boosts contrast simultaneously.

It should be noted that, for decomposition based image
enhancement, often physically accurate estimates are not
necessary; a physically plausible estimate that satisfies the
prior assumptions leading to good visual quality is already
sufficient.

B. Restoration of JPEG-Compressed Images

There are two general approaches to restore a compressed
JPEG image in the literature: deblocking [9] and soft decoding
[7], [8], [21], [22].

Since JPEG compresses each non-overlapping block inde-
pendently, the most noticeable compression artifact is blocking
artifact. Deblocking attempts to remove compression noise
along block boundaries. A straightforward idea is to per-
form low-pass filtering to suppress structured discontinu-
ities induced by code blocks. For instance, Zhai et al. [23]
employed post-filtering in shifted overlapped windows and
fused the filtering results to better suppress blocking artifacts.
This approach only exploits the correlations among inter-
blocks, and thus has limited restoration performance. There
are also deblocking methods work on decoded JPEG image
directly, and recovers it in a similar way as denoising via pre-
defined prior models, by regarding compression noise as addi-
tive white Gaussian noise. For example, Foi et al. [9] designed
powerful image filtering algorithms based on shape-adaptive
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DCT (SA-DCT). By using arbitrarily-shaped supports which
are adaptive with respect to the image, the reconstructed edges
are clean, and no unpleasant ringing artifacts are introduced
by the fitted transform.

Soft decoding, also called dequantization, is a more powerful
strategy to combat quantization noise. In contrast to hard
decoding, soft decoding only constrains each DCT coefficient
to be within the indexed quantization bin, but choose the
most probable one with the help of natural image statistics.
It utilizes all available information such as quantization bin
constraint and natural image priors for optimization, and hence
has potential to achieve better restoration performance. The
challenge of soft decoding thus lies in identifying appropriate
signal priors and incorporating them into an effective restora-
tion algorithm. For instance, to reduce blocking artifacts and
Gibbs phenomenon while preserving sharp edges, Alter et al.
proposed to combine the classical total variation (TV) prior
with the quantization constraint [24], by assuming that natural
images are approximately piecewise constant. Zhang et al. [7]
exploited the non-local self-similarity characteristic in DCT
domain constrained by the intervals of unquantized DCT coef-
ficients. This scheme achieves state-of-the-art soft decoding
performance. Liu et al. [25] proposed to exploit residual
redundancies of JPEG code streams and sparsity properties
of latent images. The restoration is a sparse coding process
carried out jointly in the DCT and pixel domains.

C. Graph-Based Image Restoration

Recent interest in graph signal processing (GSP) [10] has
led to spectral analysis tools like transforms [26], [27] and
wavelets to process signals living on irregular data kernels
described by graphs. Though pixels in an image are regular
samples on a 2D grid, one can nonetheless interpret an image
(patch) as a sparsely connected graph and leverage GSP
tools for signal analysis and restoration, as done in [8], [14],
and [28] for image denoising and dequantization of JPEG
images. Extending these works, in the paper we construct an
appropriate signed graph [13] for joint image denoising and
contrast enhancement, where positive edges connect pixels for
averaging, and negative edges connect pixels to accentuate
their inter-pixel differences. To the best of our knowledge,
we are the first in the GSP literature to use signed graphs
for image restoration problems.

III. PRELIMINARIES

A. Image Formation Model

Following the seminal work on Retinex theory [1],
we assume that an ideal image is an element-by-element
multiplication of illumination and reflectance images. We
thus employ the following image formation model, previously
proposed in Retinex-based image decomposition literature [1],
[2], [5], [15], [17], for an N-pixel patch y ∈ R

N in a dark
captured image:

y = τ l � r + z (1)

where operator � denotes element-by-element multiplication,
and r, l and z, all in R

N , are the reflectance, illumination

Fig. 1. Examples of original pixel graph G and dual edge weight graph Gd :
(a) 9-node original graph, (b) 12-node dual graph.

and additive noise, respectively. 0 < τ ≤ 1 is a contrast
reduction factor modeling the dark image capture environment
and varies patch-by-patch. While r and l are computed locally
for every patch, τ is pre-selected per-patch globally based on
statistics of the entire image via contrast-tone mapping [3].

B. Quantization Bin Constraint

A captured image is usually compressed to reduce storage
cost. JPEG is still currently the most prevalent compression
format for images. In JPEG standard, each non-overlapping
8 × 8 pixel block—called a code block—in an image is
compressed independently via transform coding. Specifically,
each code block in vector form y ∈ R

64 is transformed via
DCT to 64 coefficients Y = T y, where T is the transform
matrix. The i -th coefficient Yi is quantized using quantization
parameter (QP) Qi —assigned a quantization bin (q-bin) index
qi ∈ Z (q-index) as: qi = round (Yi/Qi ). At the decoder,
having received only q-index qi there exists an uncertainty
when recovering Yi :(

qi − 1

2

)
Qi ≤ Yi <

(
qi + 1

2

)
Qi . (2)

This quantization constraint defines the search space for
Yi during restoration of the code block.

C. Graph-Based Image Priors

In the Retinex literature [1], [2], illumination is assumed
to vary slowly across spatial dimensions, while a reflectance
image is known to be piecewise smooth (PWS) with occasional
sharp discontinuities. We express both notions mathematically
from a graph spectral perspective. Before we describe our
proposed smoothness priors for the two components, we first
overview some fundamental concepts in GSP.

1) Spectral Decomposition of Graph-Signals: We interpret
a size-N pixel patch x ∈ R

N as a signal on top of a graph
G(N , E) with N nodes N and edges E , where each pixel in
x is represented by a node in N and is connected to its four
nearest pixels with edges (horizontal and vertical neighbors),
as illustrated in Fig. 1-(a). G is called a four-connected graph.
Each edge connecting pixel (node) pair i and j has weight wi, j

that reflects the (dis)similarity or (anti-)correlation between the
pair’s pixel values, xi and x j . Conventionally, edge weight wi, j

for pixel pair (i, j) is computed using features of the
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two pixels and a Gaussian kernel, for example:

wi, j = exp

{
−�ci − c j�2

2

σ 2
l

}
exp

{
− (xi − x j )

2

σ 2
s

}
(3)

where ci and xi are the respective location and sample value
of pixel i , and σl and σs are parameters. In words, (3) states
that edge weight wi, j is large (close to 1) if the features of
the pixel pair are similar, and small (close to 0) otherwise.
It is akin to bilateral filter weight computation with domain
and range filters [29].

Given wi, j , the adjacency matrix W, where Wi, j = wi, j ,
and the diagonal degree matrix D, where Di,i = ∑

j Wi, j ,
can be defined. Finally, the combinatorial graph Laplacian
matrix is defined as L = D − W [30]–[33]. Because L is
symmetric and real, it can be eigen-decomposed into orthog-
onal vectors with real eigenvalues, i.e., V�V� = L where
� is a diagonal matrix with eigenvalues λk on the diagonal.
We interpret eigenvalues λk and eigenvectors vk as graph
frequencies and graph frequency components respectively that
define the spectrum for graph G. Any graph-signal x on G can
thus be decomposed into its graph frequency components as:
V�x = a, and x = ∑

k akvk , where ak is the coefficient of
graph frequency k for x. V� is commonly called the Graph
Fourier Transform (GFT) [10], a generalization of known
transforms like discrete Fourier transform (DFT) to the graph
domain.

2) Graph-Signal Smoothness Prior: A signal x is smooth
with respect to the underlying graph G if connected pairs (i, j)
in G with large edge weights wi, j have similar sample values.
In the graph frequency domain, x is smooth if its signal energy
is concentrated mostly in the low frequencies. We can express
this graph-signal smoothness notion using the graph Laplacian
regularizer (GLR) [28]:

x�Lx =
∑

i, j
wi, j (xi − x j )

2 =
∑

k
λka2

k (4)

We see that (4) is small if connected samples (xi , x j ) are
similar for large wi, j > 0, or if squares of GFT coefficients a2

k
are small for large graph frequencies λk .

If edge weights wi, j are not fixed but are functions of the
sought-after signal x as expressed in (3), then matrix L(x)
is also a function of x, and GLR can be more suggestively
expressed as x�L(x)x—we call the resulting prior reweighted
graph Laplacian prior (RGLR). RGLR has been used for
image denoising [28] and soft decoding of JPEG images
[8], [14]. In particular, [28] showed that RGLR promotes
PWS signal behavior similar to the TV prior via a continuous
domain analysis. This explains the good performance of using
RGLR in previous graph-based image restoration works [8],
[14], [28], as natural images tend to be PWS.

Leveraging on these previous works [8], [14], [28], in our
work we propose new variants of RGLR that capture the
unique characteristics of illumination and reflectance pixel
patches in the Retinex model.

IV. PRIOR DEFINITION AND PROBLEM FORMULATION

We first describe the design of graph-based signal priors for
illumination and reflectance pixel patches, and then describe

the formulation of our optimization objective function based
on these two priors. We also discuss how to compute edge
weights robustly for the graph given only noisy image data.

A. Illumination Image Prior

It is commonly assumed that the illumination image l
varies slowly across the spatial dimensions. To express this
mathematically, [2], [4] assumed that the gradient of l, ∇l,
has a small �2-norm. Recently, [34] argued that minimizing
�∇l�2 leads to undesirable halo artifacts, and proposed instead
to minimize �1-norm �∇l�1. However, minimizing only �∇l�1
leads to PWS behavior, which is the same characteristic as the
reflectance image, making it difficult to differentiate between
the two.

In this paper, combining the merits of previous schemes,
we argue that illumination should be spatially smooth in gen-
eral but contains a few sharp discontinuities at the foreground /
background boundaries. Denote by Wl and Dl the adjacency
and degree matrices for a 4-connected graph Gl modeling
an illumination pixel patch l, and by Ll = Dl − Wl the
corresponding graph Laplacian matrix. (The edge weights used
to define Wl will be discussed shortly.) We now express the
generalized smoothness prior of an illumination pixel patch
mathematically as follow:

Prl (l) = l�
(

Ll + αL2
l

)
l (5)

where α is a parameter to trade off the importance of the first
and second order smoothness (which is fixed as 0.1 in our
method). RGLR l�Ll l—when graph Laplacian Ll is a func-
tion of the illumination patch l—promotes PWS behavior like
a TV-norm as discussed earlier. In contrast, l�L2

l l promotes
small changes in gradients, i.e., spatially smooth behavior in l,
since l�L2

l l = �Ll l�2
2, the squared sum of changes in gradient

of signal l with respect to graph Gl .
Our graph smoothness notion (5) is related to total

generalized variation (TGV) [12] that generalizes TV to
higher-order smoothness to eliminate the known undesirable
staircase effect in TV when reconstructing a linear slope in
an image. The difference is that we define our generalized
smoothness notion (5) in the graph domain, which leads to
fast computation as discussed in Section V.

B. Reflectance Image Prior

Unlike illumination, reflectance r is usually considered to
be PWC [2]. Different from these works, we characterize
the nature of the reflectance pixel patch as PWS, which
is more general than PWC.1 Denote by Wr and Dr the
adjacency and degree matrices for a 4-connected graph Gr

modeling a reflectance pixel patch r, and by Lr = Dr − Wr

the corresponding graph Laplacian matrix. One approach to
promote PWS mathematically, as previously done in [8], [14],
and [28], is to simply use the RGLR r�Lr r where Lr is a

1A signal that is PWC is also PWS, but a signal that is PWS is not
necessarily PWC. Expressed mathematically from a GSP perspective, a signal
for a graph with a negative edge connecting two positively connected sub-
graphs is PWC if it is strictly bandlimited (with energies only in the first two
frequencies), and is PWS if it has energies mostly in the low frequencies.
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Fig. 2. Construction of centroid-connected negative graph. Pixels in a patch
are firstly classified into two clusters, which are colored by black and red
respectively. Then an additional negative edge (the blue dotted line) is built
between two centroid nodes which are remarked by dotted circles. Nodes in
each cluster are connected to their neighbors in the same cluster with positive
edges.

function of the reflectance patch r. To pro-actively sharpen
contours in r for contrast enhancement, we instead design Gr

with additional negative edges, i.e. ∃wi, j < 0, explicitly
specifying pixel pair (i, j) that are dissimilar and should
take on very different sample values. Negative edges are used
recently in data mining [13], control [35], [36] and social
network analysis [37], showing that expressing dissimilarity
as edges in a graphical model can improve performance in
different problem domains.

In our method, a centroid-connected negative graph is
constructed, as illustrated in Fig. 2. Specifically, we partition
pixels in a patch into two disconnected clusters, then build an
additional edge between two respective centroid nodes with a
negative edge weight. Nodes in each cluster are respectively
connected to their neighbors in the same cluster with positive
edges. However, Laplacian Lr with the additional negative
edge may result in an indefinite matrix (i.e. a matrix with
negative eigenvalues), and minimizing r�Lr r would lead to
numerically unstable solutions.

To alleviate this problem, we derive a perturbation matrix
� = |λ#

min| I, where λ#
min is a lower bound for Lr ’s smallest

negative eigenvalue λmin, i.e., λ#
min ≤ λmin < 0, and I is an

identity matrix. The perturbed matrix called the generalized
graph Laplacian Lr = Lr + � [38] is then PSD, and GLR
r�Lr r is lower-bounded by 0. We stress that Lr preserves
Lr ’s eigen-structure, i.e. eigenvectors and spacings between
neighboring eigenvalues of the original Lr . For a sparse
symmetric matrix Lr , lower bound λ#

min can be computed
efficiently using a recursive algorithm [39] based on the
Haynsworth inertia additivity formula [40] without full eigen-
decomposition. See [39] for details.

We observe that when the negative edge weight connecting
the two sub-graphs is set sufficiently small, the first eigenvec-
tor v1 of Lr —corresponding to eigenvalue 0—is PWC, and
the second eigenvector v2 of Lr is a constant vector, as shown
in Fig. 3. Given that reflectance r is assumed to be PWS,
a linear combination of v1 and v2 alone can well approximate
the target signal r, and a RGLR r�Lr r would promote PWS
behavior while sharpening the sub-graph boundary.

To intuitively illustrate the difference between positive-only
and signed graphs (with both positive and negative edges),
we plot the first two eigenvectors v1 and v2 of the graph
Laplacian for two 1D 10-node graphs respectively in Fig. 3.
In these ten nodes, nodes 1 through 6 share the same sample
value, while nodes 7 through 10 share another value. In other

Fig. 3. The first and second eigenvectors of two 10-node 1D graphs. (a) small
edge weight connecting nodes 6 and 7; (b) negative edge weight connecting
nodes 3 and 8.

Fig. 4. The effect comparison of positive graph and negative graph on image
reconstruction. (a) Input image; (b) Reconstructed image using positive graph;
(c) Reconstructed image using negative graph. After a few iterations, positive
graph based graph Laplacian smoothness prior tends to oversmoothing, which
negative graph based counterpart still preservers large-scale structures well.

words, the nodes are divided into two clusters of same values.
In each cluster, edges are only connecting neighboring nodes.
We have two kinds of edge weight assignment. The first graph
has small positive edge weight 0.1 connecting nodes 6 and 7,
while the second graph has negative edge weight connecting
the two centroid nodes, 3 and 8, with edge weight −0.01.
The rest of the edges have weight 1. We see that while v2 of
the positive-only graph is PWS in Fig. 3-(a), v1 of the signed
graph is PWC in Fig. 3-(b).

Furthermore, in Fig. 4, we provide a comparison result of
positive-only graph and signed graph based signal smoothness
priors on image reconstruction. We obtain a reconstructed
image by solving the following optimization problem:

min
x

�x − x0�2
2 + λ x�L̂x (6)

where x0 is the input image Parrot, L̂ is L or L = L + � for
positive-only graph and signed graph, respectively. The above
optimization is performed iteratively, i.e., in t-th iteration,
the last reconstruction xt−1 replaces x0 in (6). We observe that
after a few iterations, the positive-only graph based smooth-
ness prior tends to oversmooth image structures. In contrast,
the signed graph based smoothness prior smooths pixels in the
same region but enhances the differences between different
regions. This demonstrates the advantage of the constructed
signed graph.

C. Robust Edge Weight Estimation

In practice, given a compressed patch, it is difficult to
estimate the ground truth gradient xi − x j in (3) accurately,
resulting in an inappropriate edge weight wi, j . We thus
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propose to robustly estimate edge weights for graphs of
illumination and reflectance pixel patches.

Suppose we are given an initial estimate of illumination /
reflectance. The key idea to obtain a robust estimate of edge
weights is to treat weights themselves as a signal z that is
smooth with respect to a dual graph by assumption [14].
Specifically, as illustrated in Fig. 1-(b), an edge wi, j in the
original graph G becomes a vertex zk in the dual Gd and
connects to other vertices zm in Gd that correspond to edges in
G with one common endpoint with wi, j . All links in Gd have
weights equal to 1. Using the resulting graph Laplacian Ld ,
we can write a simple optimization objective with a l2-norm
fidelity term and a GLR prior for edge weight signal z:

min
z

�z − w�2
2 + μd z�Ld z (7)

where w is the computed edge weight vector from the initial
estimate of illumination / reflectance according to (3), and μd

is a parameter. (7) can be efficiently solved via a system of
linear equations: (

I + μd Ld
)

z∗ = w (8)

Because the matrix on the left is symmetric, positive definite
and sparse, (8) can be solved efficiently using conjugate
gradient (CG) without matrix inversion [41]. Essentially,
assuming that each weight sample zk is similar to its connected
neighbors, (8) performs a low-pass filtering on the weight
signal w for denoising.

D. Negative Edge Weight Selection

Using the above procedure, one can obtain a good initial
estimate of positive edge weights for both illumination and
reflectance patches. For a reflectance patch, in addition we
partition the patch into two and check the difference in inten-
sity value of the respective centroid pixels. If the difference
is sufficiently large, we employ the signed graph construction
strategy as described in Section IV-B. Unlike a positive edge
weight that reflects inter-node similarity, the negative edge
weight is used to accentuate the difference in intensity between
two connected pixels in a patch. The larger in magnitude
the negative edge weight, the bigger the resulting intensity
difference for the connected pixel pair, but the less PWC in
shape for the first eigenvector of the graph Laplacian. In our
experiment, we manually select this negative edge weight to
induce a large inter-pixel difference in the reconstructed signal,
while keeping the first eigenvector roughly PWC.

E. Optimization Objective

Combining the two image priors for illumination and
reflectance and the quantization bin constraint, using our image
model in (1) we arrive at our objective function:

min
l,r

l�
(

Ll + αL2
l

)
l + μ r�Lr r

s.t.

(
q − 1

2

)
Q 
 Tτ l � r ≺

(
q + 1

2

)
Q (9)

where Ll and Lr are the graph Laplacian and generalized
graph Laplacian for the underlying graphs Gl and Gr for

Algorithm 1 The Proposed Joint Dequantization and Contrast
Enhancement Algorithm

illumination and reflectance pixel patches respectively; μ is
a parameter to trade off the two priors; q is the vector of
quantized transform coefficients corresponding to block τ l�r,
and Q the vector of corresponding QPs.

For the estimation of contrast reduction factor τ , we extend
the pixel-wise approach in OCTM [3] to the patch-wise
approach. Specifically, for each patch y, we compute its
average gray level m, which is more robust to noise than the
gray level of a single pixel. Then we get the optimal enhanced
gray level T (m) according to OCTM [3], and then derive the
contrast boost factor τ−1 = T (m)/m.

We summarize the algorithm flow in Algorithm I.

V. OPTIMIZATION ALGORITHM

A. Unconstrained Problem Definition

Instead of addressing the constrained problem in (9),
we first convert it to an unconstrained version as follow. First,
we define a convex set C � {y | (

q − 1
2

)
Q 
 y ≺ (

q + 1
2

)
Q}.

We then define an indicator function IC(y) as follow:

IC(y) =
{

0 if y ∈ C
∞ o.w.

(10)
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Fig. 5. Visual comparison of different image enhancement methods on Bear. (a) Input image; (b) Li’s method [20]; (c) LIME [5] + SA-DCT [9];
(d) ANCE [7] + WVM [4]; (e) WVM [4] + ANCE [7]; (f) Graph Retinex.

We can now rewrite (9) into its unconstrained version
using IC(y):

min
l,r

l�
(

Ll + αL2
l

)
l + μ r�Lr r + IC(Tτ l � r) (11)

B. Initialization

In practical implementation, we map the RGB color test
images into the HSV (Hue, Saturation and Value) color space
and only process the V-channel, and then map back to the RGB
domain. Define υ as the V-channel component of the input
patch y. To obtain the initial illumination, we extend the idea
of Land’s another pioneer work on Retinex theory [42] and
estimate the initial l0 by seeking the maximum value of three
RGB color channels on each pixel i :

l0(i) = maxc∈{R,G,B} yc(i) (12)

Then we derive initial reflectance r0 according to the image
formation model: r0 = υ./l0.

C. Accelerated Proximal Gradient Optimization

We employ an alternating approach to solve (11), where
we fix one variable and optimize the other and vice versa.
Specifically, when l is fixed, we seek the optimal r by solving
the following:

min
r

μ r�Lr r + IC(Tτ diag(l)r) (13)

where the first term is convex and differentiable, but the second
term is convex but non-differentiable. We thus use APG to
solve (13), where the proximal mapping for an indicator
function of a convex set is just an Euclidean projection:

proxIC (y) = PC(y) (14)

Because convex set C is a high-dimensional box in the DCT
domain, projection is simple clipping of each entry (DCT
coefficient) yi to within range [(qi − 1

2

)
Qi ,

(
qi + 1

2

)
Qi ).

To simplify the argument of the proximal mapping, we first
define DCT coefficients κ:

κ = Tτdiag(l)r (15)

and r can be recovered from κ easily since DCT transform T
is invertible:

r = 1

τ
diag−1(l)T−1κ . (16)

We can thus rewrite (13) as:

min
κ

μ

τ 2 κT
(

T−1
)T

diag−1(l)Lr diag−1(l)T−1

︸ ︷︷ ︸
Pr

κ + IC(κ)

= μ

τ 2 κT Prκ + IC(κ) (17)

To adopt an APG approach, we first define (with initial point
κ (0) = κ(−1)):

v(k−1) = κ (k−1) + k − 2

k + 1

(
κ (k−1) − κ(k−2)

)
(18)
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Fig. 6. Visual comparison of different image enhancement methods on Riverside. (a) Input image; (b) Li’s method [20]; (c) LIME [5] + SA-DCT [9];
(d) ANCE [7] + WVM [4]; (e) WVM [4] + ANCE [7]; (f) Graph Retinex.

where v(k−1) is an extrapolated point computed from the two
previous solutions κ (k−1) and κ (k−2).

We now compute the proximal gradient procedure using
v(k−1) as follow:

κ(k) = PC(v(k−1) − t

(
2μ

τ 2

)
Pr v(k−1)) (19)

where t is a step size. The APG algorithm has convergence rate
O(1/k2), which is the fastest possible for first-order methods.
As discussed, we can recover r(k) from κ (k) easily using (16).

Since the proximal mapping in our case is simple DCT
coefficient clipping, which is very computation-efficient,
we can implement backtracking line search also for additional
speedup. Specifically, let t0 = 1 and fix β < 1. At each
iteration k, initialize t = tk−1 and compute κ∗ = κ (k)

using (19), then while:
μ

τ 2 κ∗Prκ
∗ >

μ

τ 2 v(k−1)Pr v(k−1) + 2μ

τ 2 Pr (κ
∗ − v(k−1))

+ 1

2t
�κ∗ − v(k−1)�2

2 (20)

compute t := βt , and update κ∗ using (19) with new t .
Similarly, when r is fixed, we seek the optimal l as follow:

min
l

l�
(

Ll + αL2
l

)
l + IC(Tτ diag(r)l) (21)

With a similar change of variables l = 1
τ diag−1(r)T−1η,

we can rewrite the objective (21) as:

min
η

1

τ 2 η� (
T−1

)�
diag−1(r)

(
Ll + αL2

l

)
diag−1(r)T−1

︸ ︷︷ ︸
Ql

η

+ IC(η)

= 1

τ 2 η�Qlη + IC(η) (22)

We first similarly define an extrapolated point u(k−1) (with
initial point η(0) = η(−1)):

u(k−1) = η(k−1) + k − 2

k + 1

(
η(k−1) − η(k−2)

)
(23)

The resulting proximal gradient procedure is similar:

η(k) = PC(u(k−1) − t

(
2

τ 2

)
Qlu(k−1)) (24)

where t is a step size. Similar backtracking line search can be
performed for η(k) also.

After a few iterations (two iterations in practical imple-
mentation), we derive the locally optimal estimates l∗ and r∗
corresponding to illumination and reflectance respectively. The
recovered patch is obtained as υ∗ = l∗·r∗. Finally, the updated
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Fig. 7. Visual comparison of different image enhancement methods on Nightfall. (a) Input image; (b) Li’s method [20]; (c) LIME [5] + SA-DCT [9];
(d) ANCE [7] + WVM [4]; (e) WVM [4] + ANCE [7]; (f) Graph Retinex.

HSV image is mapped back to RGB color space to obtain the
enhanced image.

VI. EXPERIMENTATION

In this section, we offer comprehensive evaluation of the
performance of our proposed algorithm compared with four
state-of-the-art methods, including: 1) Li’s method [20],
which to the best of our knowledge, is the only work that
considers joint contrast enhancement and JPEG artifact
suppression; 2) LIME [5], a recent weighted-TV based
Retinex scheme, whose results are post-processed using a
state-of-the-art deblocking algorithm SA-DCT [9] to remove
blocking artifacts; 3) weighted variational model (WVM)
based Retinex [4], which are examined with two modes:

• ANCE+WVM:
The input JPEG images are first pre-processed by
another state-of-the-art compression artifact reduction
algorithm ANCE [7] to remove compression artifacts,
then enhanced by WVM.

• WVM+ANCE:
The input JPEG images are first enhanced by WVM,
then post-processed by ANCE to remove compression
artifacts.

All source codes are provided by their authors, which are
run with the tuned parameter settings that generate the best
results for fair comparison.

To demonstrate the effectiveness of our algorithm, we test
eight images including natural scenes with various low-light
conditions, which are collected from the test set of [5] and

Multi-Exposure Fusion Image Database [43]. Considering
most JPEG images are compressed using quality factor (QF)
ranging from 70 to 90 (such as images in Facebook), we show
the results when QF = 70. In our scheme, we fixed μ = 0.05
for the following tests.

A. Subjective Quality Comparison

The goal of our work is to design an algorithm that enhances
the contrast of low-lighting images while suppressing JPEG
compression artifacts. In this subsection, we provide subjective
quality comparison to show the superiority of our algorithm.

Fig. 5 shows the results of the five methods for an indoor
image Bear with poor lighting conditions, which contains
smooth areas such as the wall and texture regions such as
the flower, the bear and the green plant. We observe that
Li’s method in (b) failed to enhance the whole image well,
making the dark regions even darker while bright regions
even brighter. The LIME algorithm followed by SA-DCT
for deblocking in (c) still has strong compression artifacts,
especially in the wall areas. The reason is that LIME has over-
enhancement effect (such as the teacup), which also amplifies
the coding artifacts, making the subsequent deblocking algo-
rithm SA-DCT difficult to remove blocking artifacts. The pre-
processing strategy, ANCE + WVM in (d), works better than
the post-processing strategy WVM + ANCE shown in (e),
in which some blocking artifacts are removed before enhance-
ment. Our proposed Graph Retinex achieved high contrast and
small distortion at the same time. It is clear to see that our
proposal in (f) suppressed blocking artifacts much better than
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Fig. 8. Visual comparison of different image enhancement methods on Man. (a) Input image; (b) Li’s method [20]; (c) LIME [5] + SA-DCT [9];
(d) ANCE [7] + WVM [4]; (e) WVM [4] + ANCE [7]; (f) Graph Retinex.

other methods, while the enhancement also performs well for
the whole image. There is no adverse over-enhancement effect.

Fig. 6 shows the results of compared methods for an outdoor
image Riverside with non-uniform light at night. Again, our
proposed Graph Retinex achieved the best subjective quality.
It is clear that Graph Rextinex was more robust to noise than
the other four state-of-the-art methods.

Fig. 7 shows results for the test image Nightfall that contains
buildings and sky. In (b), Li’s method removed blocking
artifacts due to JPEG compression well, but failed to boost
the contrast of the whole image. The post-processing strategy,
including LIME + SA-DCT in (c) and WVM + ANCE in (e),
improved the brightness level of the whole picture, but also
amplified compression noise in the image. In (c) and (e),
the blocking artifacts became more visible, especially in the
sky areas. The pre-processing strategy, i.e., ANCE + WVM
in (d), produced better visual result than the post-processing
strategy. It is clear to see that our proposal in (f) suppressed
blocking artifacts much better than other methods.

In Fig. 8, results for an indoor image Man are presented.
The human face is obviously the salient area. The result of
LIME + SA-DCT in (c) has strong blocking artifacts on the
human face. The pre- and post-processing strategies of ANCE
+ WVM and WVM + ANCE in (d) and (e) work better than
LIME + SA-DCT, but still cannot produce satisfactory results.
In contrast, our proposal in (f) generated a much clearer

face; the contrast is boosted appropriately, and compression
noises are suppressed well. It should be noted that, although
our method produces much better enhanced visual result in
the face region, it leads to somewhat over-smoothing in the
background region.

In Fig. 9, results for an outdoor image Tower are shown.
It can be observed that the proposed Graph Retinex removed
most blocking artifacts in the grass while boosting the details
of the sky.

Comparison of the remaining three test images are shown
in Fig. 10, Fig. 11, and Fig. 12. It can be observed that the
results generated by our algorithm have less compression
artifacts and better boosting effects.

It is worth noting that, recently there are three objec-
tive image quality measures for evaluating performance of
dequantization, i.e., BPRI [44], BMPRI [45] and UCA [46].
In this paper, we consider both dequantization and contrast
enhancement. For contrast enhancement, it is difficult to know
which is the ideal case, and thus we cannot generate pseudo
reference image like the mentioned methods. Therefore, these
metrics are not suitable for objective quality evaluation in this
paper.

B. Subjective Testing

We also conducted a subjective test to verify the
performance of our method compared to other ones based
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Fig. 9. Visual comparison of different image enhancement methods on Tower. (a) Input image; (b) Li’s method [20]; (c) LIME [5] + SA-DCT [9]; (d)
ANCE [7] + WVM [4]; (e) WVM [4] + ANCE [7]; (f) Graph Retinex.

on a two-alternative forced choice (2AFC) process, which is
widely used in psychophysical studies. Eight test images are
selected for testing. 40 participants with age 18 to 41 and with
normal or corrected to normal vision were invited to take this
test. Participants were familiarized with the testing procedure
before the start of the experiment. In each trial, a participant
was shown side-by-side a pair of images: enhanced results
of the same image by the proposed Graph Retinex method
and one of four compared methods, and was asked (forced)
to choose the one he/she believed to have better image
quality. In the 2AFC test, the side-by-side comparison was
randomly slotted into four test sequences, where for each
sequence, the ordering of the ten test image pairs was also
randomized. Each image pair was shown on a 8-bit 27”
monitor with contrast and bright set at 75%. The distance
from the subject to the monitor is approximately twice the
monitor’s height (335.7mm). The illumination of the room
was in the 300-320 Lux range. Participants observed each

image pair for 10 seconds, and entered the score in the next
5 seconds. This testing procedure followed closely guidelines
provided by ITU-R BT.500 [47].

The vote statistics of participates are shown in Table I.
We see that for all test images, the participants selected
our proposed Graph Retinex over competing schemes by a
clear margin. This validates the superior visual quality of
our method over competing schemes. Moreover, we used the
two-sided chi-square χ2 test [48] to examine the statistical
significance of the results. The null hypothesis is that there is
no preference for each pair of images. Under this hypothesis,
the expected number of votes should be equal. As a rule
of thumb in experimental sciences, the null hypothesis is
accepted when p  0.05. From Table I, we see that for all
test images, the p-value [48] of χ2 is smaller than 0.05, most
of which are significantly smaller. We can thus conclude that
statistically participants showed significant preference for our
method.
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Fig. 10. Visual comparison of different image enhancement methods on Lamp. (a) Input image; (b) Li’s method [20]; (c) LIME [5] + SA-DCT [9];
(d) ANCE [7] + WVM [4]; (e) WVM [4] + ANCE [7]; (f) Graph Retinex.

Fig. 11. Visual comparison of different image enhancement methods on Office. (a) Input image; (b) Li’s method [20]; (c) LIME [5] + SA-DCT [9];
(d) ANCE [7] + WVM [4]; (e) WVM [4] + ANCE [7]; (f) Graph Retinex.

TABLE I

SUBJECTIVE EVALUATION OF COMPARED METHODS. EACH TABLE CELL SHOWS THE VOTE STATISTICS

AND THE CORRESPONDING p-VALUE OF TWO-SIDED χ2 TEST

C. Complexity Comparison
We also provide computational complexity comparison.

The compared methods are running on a typical laptop
computer (Intel Core i7 CPU 2.9GHz, 16G Memory, Win10,

Matlab R2016a). As depicted in Table II, the complexity
of our method is lower than Li’s method, which is also
a unified algorithm considering both contrast enhancement
and compression artifact suppression. It is also much lower
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Fig. 12. Visual comparison of different image enhancement methods on Moonlight. (a) Input image; (b) Li’s method [20]; (c) LIME [5] + SA-DCT [9];
(d) ANCE [7] + WVM [4]; (e) WVM [4] + ANCE [7]; (f) Graph Retinex.

TABLE II

COMPLEXITY COMPARISON WITH RESPECT TO RUNNING TIME (s)

than the pre-processing strategy ANCE + WVM and the
post-processing strategy WVM + ANCE. The running time
of our method is comparable with LIME + SA-DCT. Please
note that the main routines of SA-DCT are written in C.

VII. CONCLUSION

To restore images captured in poorly lit environments that
suffer from both JPEG compression artifacts and low contrast,
we propose a graph-based joint dequantization / contrast
enhancement scheme. The key idea is to decompose the
target image into a product of illumination and reflectance
components via Retinex theory, where each component can be

mathematically described as a signal smoothness prior on an
appropriately defined graph. Specifically, we use signed graphs
where positive edges connect similar pixels for averaging to
combat noise, and negative edges connect dissimilar pixels
to accentuate their differences for enhancement. Experimental
results show cleaner and higher-contrast images compared to
state-of-the-art methods.

There are some limitations to our current work. First,
the determination of positive and negative edge weights
is tuned manually and thus not optimal in any sense.
Second, the connectivity of the graph used (4-connected graph,
where each pixel is connected to its four nearest neighbors)
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is not optimized. While our hand-tuned parameters and con-
nectivity led to good visual performance in our experiments,
we plan to study these issues more theoretically as future
work.
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