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Abstract—High dynamic range (HDR) imaging techniques
have been widely advocated that could shape next generation of
digital photography. However, the popularity of HDR contents
is hindered by the lack of displaying devices for rendering
HDR images which could be very expensive. To tackle this,
extensive tone-mapping operators (TMOs) have been proposed
in order for transforming HDR images to viewable low dynamic
range (LDR), and also applied in the backward-compatibility
based HDR compression. However, how to efficiently improve
the compression performance based on the perceptual evaluation
is seldom addressed. In this work, we first propose a quality
evaluation index for measuring the quality of the LDR image
with the access of pristine HDR image. Then a sparse coding
framework for efficiently compressing the LDR image, which
is generated from its HDR version using TMO, is presented.
Finally the compression efficiency could be improved by jointly
optimize the sparse coding process in terms of the proposed
quality metric based on the divisive normalization mechanism.
Extensive experiments have shown that the proposed scheme can
improve the perceptual quality of the compressed LDR image.
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I.

I NTRODUCTION

Compared with traditional low dynamic range (LDR), high
dynamic range (HDR) format provides a larger range between
brightest and darkest luminance captured in an image or video.
With the potential for performing the real-world scene and
imitating the human visual system (HVS), HDR technology
attracts extensive attentions from both academe and industry
in recent years. However, the specialized display devices for
HDR images or videos are extremely expensive at current stage, severely hindering its development and popularity.
Meanwhile, the traditional devices not supporting HDR format
are daily used. To address this issue, comprehensive tonemapping operators (TMOs) have been proposed to balance the
demand of HVS and display devices. As for image coding
part, existing compression algorithms can be classified into
two categories: backward-compatibility and perceptual-based
compression methods [1].
Tone-mapping based backward-compatible methods maintain compatibility with conventional 8-bit codecs and legacy
displays which can sustain tone-mapped HDR contents. Fig. 1
illustrates the general flow chart of backward-compatible HDR
compression methods. At first, tone-mapping method is employed to generate the corresponding LDR content from input
HDR image. Then, the content is compressed by 8-bit encoder
and decoder to obtain LDR output stream accommodating the
c 2016 IEEE
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The framework of backward-compatible HDR image compression.

legacy displays. Simultaneously, for ultimate display, HDRLDR residual is compressed by independent coding. Finally,
reconstructed HDR content can be obtained by the residual and
LDR content recovered by real-time inversing tone-mapping.
On the other hand, perception-based methods take the
masking effects of HVS into account, focusing on utilizing
perception models to imitate the real-world scene. There exists
many ways to achieve the perception transformation. In [2],
the divisive normalization transform (DNT) is employed for
optimizing the visual quality during video coding, where the
DNT has been proven to be powerful in reducing higher order
correlations of natural images.
It is generally believed that a successful image quality
assessment (IQA) metric not only plays the role of evaluating
image quality, but also react upon the procedure of image
processing [3]–[5]. In our previous work [6], we proposed an
objective IQA metric for tone-mapped images base on sparse
representation called SMTI, which is composed of two indices:
sparse-domain similarity and natural behaviors measurement.
The performance on the public database shows that SMTI leads
to accurate predictions on tone-mapped images.
In this work, we aim to optimize the perceptual quality
during HDR image compression according to the proposed
SMTI index, where the LDR image converted from its HDR
version is compressed using sparse coding. The reason for
using sparse coding is twofold. On one hand, sparse coding has
shown its power in dealing with rich, varied and directional
information contained in natural scenes [7] and extensive successive applications based on sparse model have been observed
in image restoration [8], visual information estimation [9]–[11]
and image compression [12]. On the other hand, the SMTI is
also based on sparse coding theory, which brings convenience
in optimization. The contribution of this work lies in the
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following aspects. Firstly, we build an efficient HDR image
compression framework based on the sparse representation.
Secondly, the DNT is utilized to optimize the SMTI index
during the sparse coding procedure, yielding more pleasing
perceived visual quality.
The rest of this paper is organized as follows. Section II
overviews our previous work on image quality assessment for
HDR images. In Section III, the proposed perceptually optimized compression framework based on divisive normalization
is described. Section IV shows the experimental results of the
proposed scheme in HDR image compression. Finally, Section
V concludes this paper.
II.

Q UALITY A SSESSMENT FOR HDR I MAGES

In this section, we briefly review our previous work on
quality assessment for HDR images [6], where a local feature
measurement called sparse-domain similarity is proposed for
measuring the structural fidelity between an HDR image and
its LDR version.
A. Sparse Representation
In sparse coding, input image is partitioned into nonoverlapped patches 𝒙𝑖 ∈ ℝ𝑑 ,𝑖 = 1, 2, ⋅ ⋅ ⋅ , 𝑁 . Then, each
image patch 𝒙𝑖 can be precisely recovered by combining a
few primitives in an over-complete dictionary 𝑫 (𝑫 ∈ ℝ𝑑×𝑘 ).
Specifically, the function of sparse representation is formulated
as follows,
∑
2
(𝑫, {𝜶𝑖 }) = arg min
∥𝒙𝑖 − 𝑫𝜶𝑖 ∥2 , s.t.∥𝜶𝑖 ∥0 < 𝐿, (1)
𝑫,{𝜶𝑖 }

𝑘

𝑘

where 𝜶𝑖 ∈ ℝ is the sparse coefficient vector representing
the pristine image signals, the notation ∥∙∥2 represents the 𝑙2
norm and 𝐿 denotes the sparse level constraining 𝑙0 norm of
𝜶𝑖 . In this work, the typical KSVD algorithm [13] is employed
to train the content-adaptive dictionary 𝑫. It is worth noting
that LDR image patches are extracted in advance, followed by
applying the same dictionary into HDR patches.
Subsequently, an NP hard problem appears to calculate
the appropriate sparse coefficients, which is solved by the
orthogonal matching pursuit (OMP) algorithm [14]. For each

LDR patch 𝒙𝑙𝑖 , OMP algorithm can figure out the suitable
primitives Ψ𝑙 and the corresponding sparse coefficients 𝜶𝑙𝑖 ,
∑

 
𝒙𝑙𝑖 − 𝑫𝜶𝑙𝑖 2 , s.t.𝜶𝑙𝑖  < 𝐿. (2)
𝜶𝑙𝑖 = arg min
𝜶𝑙𝑖

𝑘

2

0

For the HDR patch 𝒙ℎ𝑖 , the sparse coefficient is defined as
follows,
𝜶ℎ𝑖 = ((Ψ𝑇𝑙 Ψ𝑙 )−1 (Ψ𝑙 )𝑇 )𝒙ℎ𝑖
(3)
As such, we acquire the sparse coefficients for LDR 𝜶𝑙 and
HDR 𝜶ℎ , respectively. And the coefficients are projected
into a unified subspace learnt from LDR ones in order to
achieve better reference to the generated tone-mapped images
in compression procedure.
B. Sparse-domain Similarity Index
As mentioned in SMTI model, sparse coefficients are prefiltered by a local standard deviation function and normalized
with respect to its energy in order to transform them into
a uniform space. Considering the identity and stability of
coefficients, we convert HDR into LDR’s range as,
𝜶 ℎ ∗ 𝑓𝜎
𝜷ℎ =
⋅ ∥𝜶𝑙 ∗ 𝑓𝜎 ∥2 ,
(4)
∥𝜶ℎ ∗ 𝑓𝜎 ∥2
where 𝜷ℎ is the normalized coefficient vector of HDR patches,
∗ denotes the 2-D convolution operator and 𝑓𝜎 is a 3 × 3
std kernel function. Hence, the sparse-domain similarity (SDS)
between the original HDR image 𝜷ℎ and its LDR version 𝜶𝑙𝑟
can be defined as follows,
∑𝐿
{2𝛽ℎ (𝑘)𝛼𝑙𝑟 (𝑘) + 𝐶1 }
𝑆𝐷𝑆 = ∑𝐿 𝑘=1
2
2
𝑘=1 {𝛽ℎ (𝑘) + 𝛼𝑙𝑟 (𝑘) + 𝐶1 }
∑𝐿
{𝛽ℎ (𝑘) − 𝛼𝑙𝑟 (𝑘)}2
,
(5)
= 1 − ∑𝐿 𝑘=1
2
2
𝑘=1 {𝛽ℎ (𝑘) + 𝛼𝑙𝑟 (𝑘) + 𝐶1 }
where 𝑘 indicates the sparse level and 𝐶1 is a stabilizing
constant.
III.

D IVISIVELY N ORMALIZED O PTIMIZATION FOR HDR
I MAGE C ODING

In this section, we aim to optimize the HDR image coding
efficiency in terms of the proposed SMTI index, where the
divisive normalization transform (DNT) technique is employed
for optimization.
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A. Divisively Normalized Optimization

The proposed HDR image coding framework is illustrated
in Fig. 2. First, a tone-mapping operator is applied for converting HDR image into LDR. Then, the DC value is extracted
from the LDR image and lossless encoded by DPCM coding.
The residual is then successively transformed by sparse coding
and divisive normalization for optimizing the SMTI index.
Finally, normal quantization and entropy coding procedures
are applied to compress the residual coefficients.
Specifically, the sparse coefficients via divisive normalization can be written as 𝛼′ (𝑘) = 𝛼(𝑘)/𝑓 , where 𝛼′ (𝑘)
denotes the normalized coefficients and 𝑓 is the normalization
factor. Considering the DNT operation, the SDS index can be
rewritten as follows,
∑𝐿
{𝛽 ′ (𝑘)𝑓 − 𝛼𝑙𝑞 (𝑘)𝑓 }2
𝑆𝐷𝑆 = 1 − ∑𝐿 𝑘=1 ℎ
2
2
𝑘=1 {𝛽ℎ (𝑘) + 𝛼𝑙𝑟 (𝑘) + 𝐶2 }
∑𝐿

𝑘=1

≈1−
𝔼

{√ ∑

𝐿
𝑘=1

{𝛽ℎ (𝑘)−𝛼𝑙𝑟 (𝑘)}2
𝐿

𝛽ℎ (𝑘)2 +𝛼𝑙𝑟 (𝑘)2
𝐿

}2 ,

(6)

+ 𝐶2

where 𝛼𝑙𝑞 (𝑘) indicates the quantized LDR coefficient, 𝔼(∙) is
the mathematical expectation operator and 𝐶2 is a stabilizing
constant avoiding denominator to be zero. Accordingly, the
divisive normalization factor 𝑓 is defined as,
√ ∑𝐿
2
2
𝑘=1 𝛽ℎ (𝑘) +𝛼𝑙𝑟 (𝑘)
+ 𝐶2
𝐿
},
{
𝑓=
(7)
√ ∑𝐿
2
2
𝑘=1 𝛽ℎ (𝑘) +𝛼𝑙𝑟 (𝑘)
𝔼
+
𝐶
2
𝐿
by which sparse coefficients in an image can be transformed
into a perceptual uniform space for the purpose of perceptual
optimization.
B. Implementation Issues
Unfortunately, problem occurs when implementing the
framework. The sparse coefficients for the original HDR image
𝜷ℎ is unavailable in decoder side and encoder side can not
access the reconstructed LDR coefficients 𝜶𝑙𝑟 . However, both
of them are necessary in (7) for calculating 𝑓 .
Considering that the generated LDR coefficients 𝜶𝑙 can be
directly obtained in encoder side, the normalization factor is
further rewritten by,
√
∑
2
𝑐𝑜𝑟𝑟∗ 𝐿
𝑘=1 𝛼𝑙 (𝑘)
+ 𝐶2
𝐿
′
√
𝑓 =
,
(8)
∑
2
𝑐𝑜𝑟𝑟∗ 𝐿
𝛼
(𝑘)
𝑘=1 𝑙
𝔼{
+
𝐶
}
2
𝐿
which is based on the hypothesis 𝑐𝑜𝑟𝑟 ∗ 𝝀 = 𝜸, where 𝝀 = 𝜶2𝑙
and 𝜸 = (𝜷ℎ2 + 𝜶2𝒍𝒓 ). Then the delta quantization parameter
(DQP) is transmitted in the stream,
𝐷𝑄𝑃 = 𝑄𝑃 (𝑄 ⋅ 𝑓 ′ ) − 𝑄𝑃 (𝑄),

(9)
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After linear sparse decomposition, divisive normalization
transform (DNT) is performed as a nonlinear operation in
accounting for perceptual responses in biological visual system
[15], which aims to transform all the sparse coefficients into
a perceptual uniform space [2].
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Fig. 3. The curve plot of quantization step 𝑞𝑠 and the correlation 𝑐𝑜𝑟𝑟
between the generated LDR coefficients and the sum of original HDR
coefficients and reconstructed LDR coefficients.

where the mapping function is 𝑄𝑃 (𝑞) = 6𝑙𝑜𝑔2 (𝑞) + 4.
Furthermore, we exploit the relationship between the quantization step 𝑞𝑠 and 𝑐𝑜𝑟𝑟, as shown in Fig. 3. The fitting curve
can be formulated as a simple linear function,
𝑐𝑜𝑟𝑟 = 𝑝1 ∗ 𝑞𝑠 + 𝑝2 ,

(10)

where 𝑝1 and 𝑝2 are model parameters.
IV.

E XPERIMENTAL R ESULTS

To evaluate the performance of the proposed optimization
method, we compare our proposed scheme with the anchor,
where the DNT optimization is not performed in the anchor.
Specifically, both input HDR images and the corresponding
LDR images are partitioned into 8×8 non-overlapped patches,
after being transformed from RGB color space to YCbCr
color space. Only Y component is compressed. Different
quantization parameters are tested from 22, 28, 34 and 40.
Fig. 4 illustrated the RD performance comparison on the
public dataset [16], where the red solid and blue dashed lines
indicates the proposed method and anchor, respectively. It
shows that our proposed optimization algorithm can achieve
obvious coding gains according to the proposed SDS index.
Furthermore, the subjective comparison between the proposed method and anchor under similar bitrate is demonstrated
in Fig. 5. One can observe that the proposed method can
achieve more pleasing perceptual quality as well as higher
SDS values, where the structure information can be largely
reserved in (c) and (f) while the textures in (b) and (e) are
over smoothed.
V.

C ONCLUSION

In this paper, a perceptually optimized compression framework for HDR images is proposed to optimize the perceived
quality and coding efficiency during compressing the generated
LDR images. The whole framework is based on the sparse
coding theory and our prior proposed image quality assessment
metric, i.e. SMTI. The divisive normalization transform (DNT)
is employed to optimize the SMTI index during compression.
In the following, objective and subjective experiments are both
conducted to evaluate the performance of the proposed method,
revealing that the proposed methods outperforms the anchor.
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Fig. 5. Visual quality comparison of the reconstructed images. Image (a)(d) are the tone-mapped LDR images, (b)(e) are the ones reconstructed by the anchor
method and image (c)(f) are reconstructed by the proposed scheme. The values below each image denotes that rate and SDS index, respectively.
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