A Reduced-Reference Color Distortion Metric for
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Abstract—Low-light image enhancement algorithms can improve the subjective visual quality of low-light images and
support the extraction of valuable information for some computer
vision techniques. Although many low-light image enhancement
algorithms have been developed in recent years, the assessment
of enhanced images is still unsolved. In this paper, we use
multi-exposure image sequences and a camera response model to
estimate the color distortion of enhanced images. Specifically, we
first select the useful information from a multi-exposure image
sequence to form a reference image based on the illumination
of the enhanced image. Then, we calculate the exposure ratio
map between the reference image and the enhanced image for
each color channel using the camera response model. Finally, the
color distortion is calculated based on the difference among three
color channel exposure ratios. Experiment results show that our
method is superior to the existing enhanced image color metrics.
Meanwhile, the Pearson’s linear correction coefficient (PLCC)
and Spearman’s rank correlation coefficient (SRCC) between
the results of our reduced-reference method and that of the full∗
) are close
reference CIE L∗ a∗ b∗ color difference method (∆Eab
to 1.

range (HDR) scenes. Therefore, there is no easy way to get
a ’perfect’ reference image, which makes the problem not
straightforward to solve [1].
In this paper, we propose a reduced-reference color distortion metric for enhanced low-light images (RCDM) to effectively and accurately measure the color distortion of enhanced
low-light images. Our method first choose a low-light image
from a multi-exposure image sequence as an input image
of enhancement algorithms and get enhanced results. Then
we use the multi-exposure image sequence and the camera
response model, which can describe the relationship among
different exposure images, to evaluate the color distortion
of those enhanced images. Experiment results show that the
PLCC and SRCC between our reduced-reference method and
∗
) are
the full-reference CIE L∗ a∗ b∗ color difference (∆Eab
close to 1. This indicates that our method can accurately
measure the color distortions of enhanced images without a
’perfect’ reference images.

Index Terms—color distortion measurement, low-light image
enhancement, multi-exposure image, camera response model,
image quality assessment

II. R ELATED W ORK

I. I NTRODUCTION
Image enhancement techniques are widely used in image
processing. Low-light image enhancement, as one of important enhancement techniques, can recover the information of
under-exposed regions in an image. Many low-light image
enhancement algorithms have been proposed in recent years.
However, due to the lack of effective assessment methods for
enhanced images, it is hard to evaluate the performance of
different algorithms fairly. Therefore, accurately evaluating the
qualities of different enhanced images is the key to promoting
the advancement of low-light image enhancement techniques.
However, quality assessment for enhanced low-light images
faces a major challenge. Unlike the quality metrics for image
compression and transmission, the scenes processed by lowlight image enhancement algorithms are mostly high dynamic

Existing quality metrics for enhanced images mainly focus
on three important features: contrast, sharpness and color.
Image contrast is considered to be an important feature
that affects the quality of enhanced images. No-reference
metrics EME (measure of enhancement) and EMEE (measure
of enhancement by entropy) [2] give an absolute score to each
image on the basis of image contrast measurement. Some
works [3], [4] proposed contrast improvement measurement
methods to automatically select the best parameters and transform for enhancement algorithms. A recent work [5] proposed
a reduced-reference image quality metric for contrast change
(RIQMC) using phase congruency and image histogram.
Sharpness of an image refers to the amount of details
presented. Low-light enhancement algorithms can recall the
details in the dark regions. Therefore, Sharpness metrics [1],
[6] can also be used to evaluate the performance of enhancement algorithms.
In terms of image color, Huang et al. [7] presented color
naturalness index (CNI) and color colorful index (CCI) to

evaluate natural images based on human visual system. Colorfulness metric (CM) proposed by [8] quantifies the colorfulness difference between natural images and enhanced images.
However, upon our experiments, the performances of those
methods still have room to be improved.
III. P ROPOSED M ETHOD
The aim of low-light image enhancement techniques is
to recover the details of dark regions in the input image
without losing the details of bright regions, so that each
region is well-exposed after processing. Generally speaking,
a multi-exposure image sequence contains different wellexposed regions. Therefore, the corresponding information can
be extracted to assist the color distortion measurement.
The illumination of the enhanced image should be taken into
consideration when extracting the reference image because
image color can be affected by image exposure (see Sec.
III-A). Let Pe be the enhanced image and Pe (x) be the
pixel in the position x of Pe . If we want to calculate the
color distortion of Pe (x), we need to find the reference pixel
having the same illumination with Pe (x) in the same position
from multi-exposure images. However, such a pixel does not
exist in many cases because the exposure values of multiexposure image sequence are discrete. Therefore, we first find
the reference pixel Pr (x) having a close illumination with
Pe (x). Then we use the camera response model to calculate
the exposure ratio between Pe (x) and Pr (x) for each color
channel. Finally, we can calculated the color distortion based
on the difference among three color channel exposure ratios.
A. Reference Image Extraction
In order to extract appropriate reference images, we first
discuss the color difference of image that differ only in
exposure. We adopt CIE L∗ a∗ b∗ color difference method. This
method first transform image from RGB color space to CIE
L∗ a∗ b∗ where L∗ is lightness component, a∗ and b∗ are color
∗
components. Then the color difference ∆Eab
is denoted as the
Euclidean distance between two color images (L∗1 , a∗1 , b∗1 ) and
(L∗2 , a∗2 , b∗2 ).
q
∗
(1)
∆Eab
= (L∗1 − L∗2 )2 + (a∗1 − a∗2 )2 + (b∗1 − b∗2 )2 .
For different exposure images, the brightness components
L∗1 and L∗2 are different. Therefore, their color difference
∗
∆Eab
6= 0. In fact, image exposure can affect not only
the lightness component L∗ , but also color components a∗
and b∗ . To show this intuitively, we adopt multi-exposure
color checker images provided by [9]. We first average all
pixel in each color patch. Then the obtained RGB values are
transformed to CIE L∗ a∗ b∗ color space. As shown in Fig. 1,
each line in the figure represents L∗ , a∗ and b∗ component
values of a color patch at different exposures. It can be seen
that a∗ and b∗ components have varying degrees of change as
image exposure changes.
Since different exposure images have different colors, in
order to accurately measure the color distortion, each pixel
of reference image should have similar exposure with the

Fig. 1. Left: multi-exposure color checker images. Right: scatter plot of 24
color patches in CIE L∗ a∗ b∗ color space.

corresponding pixel of enhanced image. Cause image illumination increases as the image exposure increases [10], we can
extract reference image having the similar illumination with
the enhanced image. Assume the multi-exposure images are
arranged in ascending order of exposure values. For each pixel
of reference image Pr (x), we choose:
Pr (x) = Pi (x),

(2)

where Pi (x) is the value of pixel x in the i-th image of
multi-exposure image sequence and i satisfies the following
equation:


if Te (x) < T1 (x),
i = 1,
(3)
i = imax , if Te (x) > Timax (x),


i = i0 ,
if Ti0 (x) < Te (x) < Ti0 +1 (x)
where imax is the number of images in the multi-exposure
image sequence. Te and Ti are illuminations of enhanced
image and the i-th image in multi-exposure image sequence,
respectively. The illumination T of an image is defined as the
average of three color channels.
T = mean(PR , PG , PB ),

(4)

where mean(∗) represents average operator. PR , PG and PB
are color channels of the image P.
B. Exposure Map Calculation
Because the illumination of our reference image is not the
same as that of enhanced image, we cannot calculate the color
distortion directly. To solve this problem, we need to know the
relationship between different exposure images.
In this paper, we adopt the camera response model proposed
by [11], [12] to describe the mapping relationship g between
two images P and P0 that differ only in exposure.
P0c = g(Pc , k) = ebc (1−k

ac

)

ac

Pkc ,

(5)

where c is the index of three color channels and k is the
exposure ratio between P and P0 . Each color channel has a
set of camera parameters ac and bc . The parameters ac and
bc can be estimated by least square fitting of two different
exposure images as following:
argmin kP0c − ebc (1−k
(ac ,bc )

ac

)

ac

Pkc k22 .

(6)

Fig. 2. Color distortion map of different enhanced low-light image. The first row is the multi-exposure image sequence. The image in a red rectangle is the
input image of low-light image enhancement algorithms. The second row is the reference images extract from multi-exposure sequence. The third row is the
output images of five different enhancement algorithms. The last row is the color distortion map obtained by our method.

Once we obtain the parameters ac and bc for each color
channel, we can calculate the exposure ratio map K between
enhanced image Pe and reference image Pr . According to
Eq.5, the exposure ratio can be calculated as:
ln(Pec ) − bc ( a1 )
Kc = (
) c .
ln(Prc ) − bc

(7)

In order to treat each pixel equally, we normalize the
exposure ratios as:
Kc ←

Kc
.
max(KR , KG , KB )

(8)

C. Color Distortion Calculation
The exposure ratios should be the same in the three color
channels. However, if the color of the enhanced image is
distorted, the exposure ratios of the three color channels will
be different. So we can use this feature to measure the color
distortion of enhanced images.
D = var(KR , KG , KB ),

(9)

where var(∗) represent variance operator. D is color distortion
matrix. The global color distortion is calculated by averaging
matrix D.
RCDM = β ∗ mean D(x),
(10)
x∈Ω

where RCDM is the color distortion of the enhanced image
and β is a constant (we set β = 25 for all experiments). Ω
represents all pixels in matrix D.
IV. E XPERIMENTAL R ESULTS
In this section, we first design an experiment to compare our
method with several existing enhanced image color metrics.
Then we apply our RCDM to five state-of-the-art low-light

image enhancement algorithms (HE, LIME [13], Dong [14],
NPE [15] and AMSR [16]) and measure the color distortion
of their enhanced results.
A. Objective Evaluation of RCDM
We compare our method with enhanced image color metrics
CNI, CCI [7] and CM [8]. We first select a well-exposed image
Pi0 from the multi-exposure image sequence as the ground
truth for test purpose. Then we change its color saturation
using the method proposed in [17] to obtain color distortion
image P0i0 . There exists an important parameter α controlling
the colorfulness of P0i0 in this method. When α = 1, the color
remains unchanged P0i0 = Pi0 . The use of smaller values of
α leads to making image less ’colorful’. When α = 0, image
P0i0 looks like a gray-scale one. On the contrary, the use of
higher values of α leads to making image more ’colorful’.
In this experiment, we use multi-exposure image sequence
datasets IUS [18] and MEI 1 . IUS is a HDR dataset containing
36 indoor scenes organized into 4 different image sets. We
choose all the 36 JPG image sequences taken of static scenes.
MEI is a dataset containing 12 high quality image sequences.
We choose all the 10 image sequences taken without motion.
For each image sequence in IUS and MFI, we select a
well-exposed image and generate 20 different color distortion
images by linearly taking 20 values of α from 0 to 2.
After getting P0i0 , the color distortion can be measured
using our RCDM and the existing color metrics. Please note
that, we remove image Pi0 from the image sequence for fair
comparison.
The ground truth color distortion between P0i0 and Pi0 is
∗
calculated by CIE L∗ a∗ b∗ color difference method ∆Eab
. The
1 https://drive.google.com/open?id=0B4m9LPE05c2SOVktakpRWUFKVjg

TABLE I
T HE PLCC AND SRCC PERFORMANCE ACROSS IUS AND MEI DATASETS

CNI
CCI
CM
Ours

IUS Set 1
PLCC
SRCC
0.5915
0.3769
0.2732
0.2376
0.2859
0.2376
0.9935
0.9960

IUS Set 2
PLCC
SRCC
0.5409
0.2718
0.2312
0.2406
0.3391
0.2470
0.8140
0.7950

IUS Set 3
PLCC
SRCC
0.7537
0.8421
0.3128
0.2620
0.3102
0.2620
0.9262
0.9261

PLCC and SRCC results between the evaluate color distortion
∗
and ground truth color distortion ∆Eab
are shown in Table
I where the best results in each column are highlighted by
boldface. We note that CNI, CCI and CM are designed to
indicate a more ’natural’ image with larger values. So their
∗
results are supposed to be inversely proportional to ∆Eab
.
For comparison we use the opposite values of the calculated
PLCC and SRCC results in Table I. It is seen that the proposed
method is significantly superior to the state-of-the-art color
metrics in all image sets. Meanwhile, in most datasets, the
∗
PLCC and SRCC between our results and ∆Eab
are close to
1, which proves the accuracy of our method.
B. Subjective Evaluation of RCDM
We apply RCDM to measure the color distortion of enhanced results generated by several enhancement algorithms,
as shown in Fig 2. The distribution of color distortion can
be visualized using D. Our metric is robust against different
degree of enhancement, contrast, and edge sharpness. Results
of NPE and AMSR may has some other distortion such
as contrast under-enhancement, but the color distortion is
relatively low. Although LIME’s result is subjectively better, it
suffers from sever color distortion (see the lawn and the orange
sign). Our measurement results in the last row are consistent
with the observed results.
V. C ONCLUSION
In this paper, we proposed an effective and accurate RCDM
method to measure the color distortion of enhanced low-light
images. We first extract useful information from a multiexposure image sequence to form a reference image. Then we
use the camera response model to calculate the exposure ratio
map between the reference image and the enhanced image.
Finally, based on the difference of three color channel exposure ratios, we calculate the color distortion of the enhanced
image. Experiments show that the results of our RCDM have
a high correlation with that of full-reference CIE L∗ a∗ b∗
color difference method, which means that our method can
accurately measure the color distortion of enhanced images.
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IUS Set 4
PLCC
SRCC
0.7811
0.5318
0.5247
0.3733
0.5482
0.3733
0.9194
0.9440

MFI
PLCC
SRCC
0.5178
0.3099
0.2442
0.2431
0.2779
0.2436
0.9249
0.9282
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