
Local Color Distributions Prior for Image
Enhancement

Haoyuan Wang, Ke Xu*, and Rynson W.H. Lau*

Department of Computer Science, City University of Hong Kong

(a) Input image (b) MSEC [1] (c) ZeroDCE [14]

(d) RUAS [29] (e) Ours (f) Ground truth

Fig. 1: Given an input image (a) with both over-exposure (background windows)
and under-exposure (foreground persons), existing methods fail to handle both
problems well. While (b) performs better on the background, the foreground is
only slightly brightened. Although (c) performs better on the foreground, the
background is still over-exposed. (d) slightly brightens the foreground but further
over-exposed the background. In contrast, our method (e), which is based on
learning local color distributions, can handle both problems well. The textures
of the window curtains and the patterns of the clothes can both be seen clearly.

Abstract. Existing image enhancement methods are typically designed
to address either the over- or under-exposure problem in the input image.
When the illumination of the input image contains both over- and under-
exposure problems, these existing methods may not work well. We ob-
serve from the image statistics that the local color distributions (LCDs)
of an image suffering from both problems tend to vary across different
regions of the image, depending on the local illuminations. Based on this
observation, we propose in this paper to exploit these LCDs as a prior
for locating and enhancing the two types of regions (i.e., over-/under-
exposed regions). First, we leverage the LCDs to represent these regions,
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and propose a novel local color distribution embedded (LCDE) mod-
ule to formulate LCDs in multi-scales to model the correlations across
different regions. Second, we propose a dual-illumination learning mech-
anism to enhance the two types of regions. Third, we construct a new
dataset to facilitate the learning process, by following the camera im-
age signal processing (ISP) pipeline to render standard RGB images
with both under-/over-exposures from raw data. Extensive experiments
demonstrate that the proposed method outperforms existing state-of-
the-art methods quantitatively and qualitatively. Codes and dataset are
in https://hywang99.github.io/lcdpnet/.

1 Introduction

When taking photos, the illumination condition of a scene may not always be
ideal, and the photos may suffer from under-exposure (due to low-light/back-
light) or over-exposure (due to some intense lights inside the image region). Of-
ten, both over- and under-exposures may occur together in the same image due to
unbalanced lighting conditions. The illumination may change significantly, bury-
ing the local image contents in both over- and under-exposed regions, as shown
in Fig. 1(a). While photography experts may leverage high-end DSLR cameras
and carefully tune them (e.g., the aperture, ISO, and special filters) to alleviate
the problem, it requires photography expertise and expensive equipment.

Many methods have been proposed to enhance the quality of images that are
captured with poor illumination conditions. A line of methods focus on enhanc-
ing the under-exposed images captured in low-light scenes via the Retinex based
approach [33], bilateral learning [13], generative adversarial learning [11], deep
parametric filtering [23], and self-supervised [14] or semi-supervised learning [39].
Other works [4,1] try to enhance the over-exposed or under-exposed images in
one network. All these methods typically assume the scene illumination to be
generally uniform, such that an improper exposure would result in either over-
or under-exposure. Hence, they tend to adjust the image intensity globally, i.e.,
either increasing or decreasing the intensity. However, if the illumination of a
scene is non-uniform, causing the input image to suffer from both over- and
under-exposures as shown in Fig. 1(a), existing methods may not work well. For
example, ZeroDCE [14] (c) and RUAS [29] (d) worsen the over-exposure problem
at the background regions as they try to enhance the under-exposed foreground
persons. On the other hand, while MSEC [1] (b) enhances the foreground slightly,
it produces some color distortions around the background windows.

In this paper, we aim to address both over- and under-exposure problems
appearing in a single image. The key challenge is how to effectively separate
these two types of regions and recover their local illuminations accordingly. We
observe that the local color distributions (LCDs), which consist of regional local
histogram vectors, can be a reliable prior to address this challenge for two rea-
sons. First, we note that these LCDs in the over- and under-exposed regions show
significant divergences and deviate from those in the properly exposed regions.
Hence, they can be used to help identify and separate different types of regions.

https://hywang99.github.io/lcdpnet/
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Second, while it may not be reliable to directly infer the true scene lighting from
the image with both over- and under-exposures, colors are important cues that
are readily available in the image. Modeling the LCDs essentially help estimate
the proper local illumination and recover the buried contents. Based on our ob-
servation, we propose a novel neural network to jointly tackle the two problems
(i.e., both over- and under-exposure problems) with two novel modules: (1) the
local color distribution embedded (LCDE) module to formulate LCDs in multi-
scales to learn the representations of over- and under-exposed regions as well as
their correlations, and (2) the dual-illumination learning mechanism to constrain
the learning of the LCDE module, estimate and combine an over-illumination
map and an under-illumination map for enhancing the image. In addition, as
existing datasets (e.g., [1,10,33,5]) contain mostly images with either over- or
under-exposure, we further construct a new image dataset containing � 1; 700
diverse scenes with both over- and under-exposures, to facilitate training and
evaluation. We follow the camera ISP pipeline by applying linear transform
functions and clipping on the pixel intensity of the input raw images to render
sRGB images. As shown in Fig. 1(e), our proposed method based on the LCD
prior brightens the under-exposed regions while darkening the over-exposed re-
gions, allowing the textures of the over-exposed window curtains to be revealed
as well as the patterns of the under-exposed sweaters that the two persons are
wearing to become visible.

Our main contributions of this work can be summarized as follows:

{ We propose to exploit the local color distributions (LCDs) to jointly address
both over- and under-exposure problems in the input image, and a neu-
ral network to leverage the LCDs for locating and enhancing over-/under-
exposed regions of the image.

{ We propose the LCDE module to formulate multi-scale LCDs in order to
learn the representations of over- and under-exposed regions as well as their
correlations to the global illumination. We also propose a dual-illumination
estimator to combine both over- and under-illumination maps to enhance
the input image.

{ We construct a new paired dataset consisting of over 1700 images of diverse,
non-uniformly illuminated scenes to facilitate the learning process.

{ Extensive experiments demonstrate that the proposed method outperforms
state-of-the-art methods qualitatively and quantitatively on the popular
MSEC [1] and our datasets.

2 Related Work

Image-to-Image Translation-Based Methods. A line of methods enhance
under-exposed images by learning different image-to-image translation map-
pings. Histogram equalization [26] and gamma correction are the most repre-
sentative methods. Some methods propose to combine global and local contrast
enhancement operators with semantic region detection (e.g., face, building and
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sky) [20], regional templates [16] or contrast statistics along image boundaries
and in textured regions [30].

Recent deep-learning based methods typically learn the mapping functions
using high-quality retouched images or images taken using high-end cameras,
with bilateral learning [13], intermediate HDR supervision [40], multi-stage restora-
tion [42,9], generative adversarial learning [17,11,19,27], or reinforcement learn-
ing [24,41]. Cai et al. [4] propose to enhance an under-exposed image by sepa-
rately modeling the illuminance and detail layers from multiple exposure images.
Moran et al. [32] propose to learn a set of piece-wise linear scaling curves and ap-
ply them in different color spaces for under-exposed image enhancement. Xu et
al. [37] propose to enhance under-exposed images based on frequency decompo-
sition. In [23], different kinds of local parametric filters are learned for image
enhancement. Mahmoud et al. [1] propose a coarse-to-fine network to learn color
and detail enhancement for addressing either over- or under-exposure.

Retinex-Based Methods. Another line of works are Retinex-based image en-
hancement methods [15,12,44,3,33,45]. They first decompose the input image
into illumination and reflectance layers, and then enhance the illumination layer
of the image. Conventional optimization based methods [15,12,3] propose differ-
ent hand-craft priors for constraining the illumination or reflectance layers. Deep
learning based methods [10,33,45,29] learn such intrinsic decomposition from a
large amount of data. For example, DeepUPE [33] propose to directly estimate
the proper illumination layer from the input under-exposed image via bilateral
learning [6]. Most recently, Liu et al. [29] propose an architecture search based
method to leverage cooperative priors for under-exposed image enhancement.

Limitation of Existing Works. All aforementioned methods typically assume
that only either over- or under-exposure problem would appear in a single image.
Hence, they tend to brighten the under-exposed images or darken the over-
exposed images, but lack the capability to tackle images with both over- and
under-exposures. In this paper, we aim to tackle this common shortfall. We first
construct a new dataset, and propose a LCD prior guided deep-learning approach
for enhancing images containing both over- and under-exposures.

3 Proposed Dataset

To study our problem, we first revisit a recently published large-scale image
enhancement dataset, the Multi-Scale Exposure Correction (MSEC) dataset [1].
Although it contains images with different levels of over- or under-exposures,
each of the images is either over- or under-exposed. We visualize the luminance
intensity mapping between input and reference images in Fig. 2. Fig. 2(a) shows
that the shapes of the luminance mappings for individual images from the MSEC
dataset [1] are either concave or convex. These luminance mappings do not show
any non-uniform illumination exhibited from images that suffer from both over-
and under-exposures. Statistics shown in Fig. 2(d) demonstrate that the MSEC
model [1] trained on this dataset either brightens or darkens the input image
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Fig. 2: The input-ground truth luminance map-
ping curve of (a) MSEC dataset [1], (b) LOL
dataset [10], and (c) our dataset. Each cluster
represents an image. For a single image, both
(a) and (b) contains a single mapping of either
brightening or darkening. (d) is the input-output
mapping learned by the model trained on the
MSEC dataset when given (e, f) as the input.

Fig. 3: Some input-ground
truth pairs in our dataset.
Our dataset contains images
of over 1700 scenes.

(see Fig. 2(e,f) for illustration). Fig. 2(b) shows the statistics of the luminance
mappings for the images from the LOL dataset [10], which is a popular low-
light image enhancement dataset. We can see that it only allows the learning
of under-exposure enhancement. This means that methods trained on the LOL
dataset [10] would typically brighten the input images. This demonstrates that
a new dataset containing both over- and under-exposures in individual images
is desired.

We construct our dataset from the raw images in the MIT Adobe5k dataset [2],
which contains 5000 raw and expert-retouched sRGB image pairs for learning
the tone mapping process. Since raw images have higher dynamic ranges to
preserve scene information than sRGB images and their intensities are linearly
proportional to the scene radiance, we generate our input images of both over-
and under-exposures from the raw images. We use the expert-retouched sRGB
images as our ground truth images. However, we note that not all raw images in
this dataset are suitable for generating our images with both over- and under-
exposures (e.g., synthesizing over-exposure from a very dark image would likely
produce an unrealistic image), and many expert-retouched images contain very
dark/bright regions that cannot be used to form our ground truth images.

In order to generate high-quality learning pairs, we formulate the dataset
generation pipeline in three steps as: (1) We manually go through all the image
pairs in Adobe5k, and remove those pairs whose expert-retouched images contain
very dark or very bright regions. (2) For each candidate raw image from (1), we
follow the camera ISP pipeline to render an sRGB image with both over- and
under-exposures, by adjusting the exposure level with a linear transformation
function. (3) For each rendered sRGB image from (2), we ask a volunteer (who
is a photographer) to help assess its quality. If the volunteer points out that the
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(a) Input (b) MSEC (c) CLAHE (d) GT

Fig. 4: MSEC [1] (b) enhances the input image (a) with a better overall visual
quality, while CLAHE [28] (c) produces more faithful details in the local regions.

rendered image is not realistic or has obvious artifacts (e.g., color bleeding), we
feed it back to step (2) to produce another sRGB image for re-assessment. This
iterates until we have a good quality image, or after �ve iterations and we simply
discard this pair.

The linear mapping function used in step (2) is:

I 0(i; j ) = � [k (I (i; j ) � 0:5) + 0 :5] ; (1)

where I is the input raw image whose pixel values range between [0; 1]. i; j are
the spatial position in the image, and � [�] is the clipping operator to drop the
over
ow value with the upper/lower bounds being 1/0. k is the slope value that
represents the scaling factor of the exposure level. We manipulatek to generate
images with over- and under-exposures. We apply Eq. 1 on all three channels of
the input raw image equally to obtain the �nal rendered sRGB image. In total,
we generate 1,733 pairs of images, which are split into 1,415 for training, 100 for
validation, and 218 for testing. Some sample pairs are shown in Fig. 3.

4 Proposed Method

The over- and under-exposed image enhancement task could be formulated as
seeking a mapping functionF , which maps an 8-bit per channel sRGB image
I x to an enhanced imageI y such that I y = F (I x ). Instead of directly learning
the image-to-image translation model or Retinex-based image-to-illumination
mapping model, we propose to learn aregion-aware illumination mapping model
by learning to exploit the multi-scale LCDs and dual-illumination estimation.

4.1 Local Color Distribution (LCD) Pyramid

Directly inferring the true scene lighting from a single image is challenging, es-
pecially when the input image contains both over- and under exposures. Instead,
as the color is a key component of scene lighting preserved in the image, we can
leverage the local color information to help build representations of regional illu-
minations. Fig. 4(c) shows an example, where the color histogram based method
CLAHE [28] recovers more details than the latest deep method MSEC [1] in both
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Fig. 5: Overview of our proposed network. It leverages the LCD pyramid with an
encoder-decoder architecture for detecting the regions with problematic expo-
sures implicitly, and the for enhancement of the over- and under-exposed regions.

over- and under-exposed regions. However, CLAHE [28] tends to produce im-
ages of inconsistent colors, due to its lack of global information. We model LCDs
based on CLAHE [28], and extend it to be a multi-scale pyramid in our neu-
ral network, in order to tackle the inconsistency by learning the local-to-global
illumination correlations.
Building the LCD Pyramid. Given an input image I x of sizeh � w, whose
pixel values range between [0; 1], we split I x into N = [ h=K ] � [w=K ] patches,
where [�] is the closest-integer operator. We de�ne a LCD as the color histogram
within a local patch of size K � K . We then use the 4D LCD map M K to
represent the distribution of scaleK . We �rst build a h � w bilateral grid � [7]
by splatting the pixel histogram voting along the range dimension, and then we
compute M k using:

M k (
�

i
K

�
;
�

j
K

�
; c; b) =

1
K 2

X

p;q2 
 K ( i;j )

� (p; q; c; b); (2)

where i; j; c are the horizontal, vertical, and channel indices of the image, re-
spectively. b is the index to the histogram bins, which can be computed by
b = [ I x (i; j; c ) � B ]. 
 K (i; j ) returns the indices of the pixels in the K � K patch
that pixel ( i; j ) belongs to.

By assigningK with di�erent values, we obtain LCD maps at di�erent scales,
e.g., M 1 is the pixel-wise color distribution, where the local histogram vector in
M 1 is a sparse one-hot vector. WhenK increases, the locality representation of
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M K grows correspondingly. LetK take its value from f 2l ; l 2 N+ g. M = f M K g is
then a multi-scale LCD pyramid with di�erent levels of color distribution maps.
A LCD pyramid contains regional illumination distributions in multi-scale, as
visualized in Fig. 6. It can help di�erentiate over-/under-exposed regions.

4.2 Proposed Network

Fig. 5 shows the overview of the proposed network. It has an encoder-decoder [31]
architecture, incorporating the LCDE module to leverage the LCD pyramid for
learning the representations of over- and under-exposed regions and the dual-
illumination mechanism for adaptive enhancement.
LCDE module. In order to learn adaptive representations for over- and under-
exposed regions, we propose the LCDE module to predict the adaptive con-
volutional kernels with the guidance of the LCD pyramid. Our design of the
LCDE module is based on DRconv [8] (originally proposed for high-level im-
age classi�cation and detection tasks). We choose DRconv [8] to exploit its idea
of producing region-wise kernels. Unlike DRconv [8] that learn di�erent kernels
according to the local semantics, which are not reliable in the over- and under-
exposed regions, we learn di�erent kernels according to the local illuminations
guided by the local color distributions.

Speci�cally, the LCDE module has two branches,i.e., the convolution-kernels-
generation branch and the guided-mask-prediction branch (bottom right part of
Fig. 5). The �rst branch takes as input the precursor feature map and produces
the parameters ofn kernelsf W1; W2; :::Wn g. The guided-mask-prediction branch
inputs the LCD map M K , and uses it to guide the prediction of a multi-value
mask for dividing the spatial feature maps into n regions in order to apply di�er-
ent convolution kernels on di�erent regions. By applying a di�erent convolution
kernel on a di�erent region, the multi-scale LCD pyramid guides the network to
di�erentiate regions of di�erent exposures and enhances them separately.

To handle high resolution inputs, we construct this module upon the bilateral
upsampling method [6,7] to achieve a fast inference speed.
Dual-illumination Estimation. To constrain the model to learn the exposure-
aware masks, we exploit the Retinex theory in our model. The Retinex based
methods (e.g., [33]) typically decompose the input imageI x into an illumination
map L and a re
ectance map R. By considering the re
ectance map R as the
enhanced image, DeepUPE [33] generates the under-exposure enhanced result
I u

y with I u
y = R = I x � L � 1. Since the values inL fall within [0 ; 1], the pixel

values in the result image are always larger than the those of the input image.
Hence, these methods cannot suppress over-exposure. To address this problem,
we propose to extend the illumination prediction mechanism of [33] to dual-
illumination prediction mechanism by incorporating dual-path learning in [43].
The main idea here is that over-exposures inI x could be regarded as under-
exposures in the reverse image ofI x . By �rst computing the reverse image I 0

x
via I 0

x = 1 � I x , we can then compute the over-illumination mapL 0 of the input
image I x in addition to the under-illumination map L. Thus, the over-exposure
enhanced imagesI o

y could be obtained byI o
y = 1 � R0 = 1 � I 0

x � L 0� 1, whereL 0 is
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the over-illumination map of I x . L and L 0 are estimated via the encoder-decoder
network with the LCDE module. The two enhanced components are then fused
by our fusion network to generate the �nal result.

Fig. 6: The visualization of a LCD pyra-
mid layer, taking an over-/under-exposed
image as input. Over-/under-exposed re-
gions are implicitly separated along the
channel dimension.

Fig. 7: Inferring the illumination
maps helps constrain the learning of
the guided mask. Our model implic-
itly assigns one decoder to each re-
gion type for adaptive enhancement.

Fusion Network. The fusion network f takes the two separately enhanced im-
ages,I u

y and I o
y , and the original imageI x as inputs to regress the �nal enhanced

image. It contains two convolution layers and two non-local [34] blocks. With
the non-local blocks, the network is able to capture long-range spatial correla-
tions across pixels. The fusion network fuses the three inputs by predicting a
3-channel weight map to generate the enhanced resultI y .

Given the input image I x , the whole process of our method to produceI y is:

I y = f
�

I x

m(I x ) ;
1 �

1 � I x

m(1 � I x ) ;
I x

�
; (3)

where m represents the encoder-decoder network andf is the fusion network.
Why would our model work? Since the LCDE module appliesn di�erent
kernels on n regions, each region can be regarded as being assigned with an
individual decoder to learn the luminance mapping but without introducing
extra computational cost, while all regions share the same encoder for feature
extraction (see Fig. 7). In addition, by inferring the illumination maps, it helps
constrain the learning of the guided mask in the LCDE module to focus on the
exposure levels of these regions.

4.3 Loss Function

We adopt four loss terms to train our model. We apply the widely used MSE
term L mse to measure the intensity reconstruction errors. To correct the color
distortions in the over- and under-exposed regions, we apply the cosine similar-
ity term L cos [33,35,36], which measures the color similarity of the reconstructed
image and its ground truth in the sRGB color space. In addition, in order to
guide the network to estimate the illumination maps, we apply the local smooth-
ness term [33,38] to our dual-illumination estimation process, denoted asL tv1


