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Abstract
Image Enhancement is one of the domains in computer vision with prime importance in real-life
applications. Images having poor visual quality and visual defects require enhancement to capture the
details in an image. This paper proposes a novel fusion-based method for image enhancement of low light
images having non-uniform illumination. The methodology works on the estimation and improvement of
the V channel of an image in the HSV model. It estimates several contrast based derivatives of V channel
and then fuses them to get the enhanced image with desired features. The proposed approach improves
the overall contrast and brightness of images. This approach preserves the details and naturalness of the
image. Quantitative and visual analysis of the proposed method validates its performance.
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1 Introduction:
Low light images are those images that contain many dark regions and non-uniform illumination. Due to
low light environment, these images often have multiple under-exposed regions and over-exposed regions
in the images. These images lack detail preservation of the scene of the image and have poor contrast.
The underexposed areas in the image contain useful information that is not adequately illuminated and
thus requires enhancement. The enhancement of such images is, therefore, essential to extract useful
details from them. Image enhancement is the process of improving the visual appearance of the image to
restore and preserve the details in an image with precision while maintaining the naturalness of the image.
Image enhancement finds applications in many fields. It is used in security systems, aerial imaging,
medical sciences like ultrasound and MRI, space exploration in the form of satellite imaging, geology etc.
Some of the traditional and most prominent methods of image enhancement include Histogram
Equalization (HE) [1] which enhances contrast of images by mapping images using stretched
histograms. This technique has various modified versions. Abdullah et al. [2] proposed the concept
of Dynamic Histogram Equalisation (DHE) wherein division of the image histogram is done using
local minima as the basis. This ensures the proportionality between dynamic output range and input
image. Parihar and Verma [3] presented Dynamic Histogram Equalisation (DHE) as an entropy based optimal division of histogram. However, all these techniques are not completely flawless as
they fail sometimes and cause over or under enhancement in images, halo effects and other defects.
Researchers have evolved many neural network based approaches for image enhancement. Shen et
al. [4] proposed a deep convolutional neural network model based on Retinex theory for image
enhancement which works by creating a mapping between dark and bright images. Gharbi et al. [5]
also proposed an image enhancement approach based on neural network architecture, trained using
local affine color transformations in a bilateral space. It shows high performance in mobile image
processing. Lore et al. [6] proposed a lowlight image enhancement approach based on autoencoders, which used SSDA (Stack Sparse Denoising Auto-encoder) architecture for calculating
relation between an input image and the enhanced image.
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Fusion is a relatively less explored domain in image processing. Fusion based image enhancement
techniques are fast and give great results. Fusion can of various types, out of which, multi-scale
fusion proves to be the best choice. Burt and Kolczynski [7] proposed multi-scale fusion which
involves combining of multiple derivative images in order to capture the specific significant
properties from each derivative, such that the final image contains all the desired properties.
Mertens et al. [8] proposed a method multi-scale fusion based approach to generate HDR images
from multiple LDR images which were weighted according to their contrast, saturation and
exposedness values to obtain the required features in the final image.
Fu et al. [9] proposed an image enhancement method for weakly illuminated images using multiscale fusion. The approach was based on Retinex theory of light and involved illumination
estimation and enhancement using multiple illumination derivatives which were finally fused to
obtain the final enhanced image. Liu et al. [10] proposed an image enhancement method which
utilized multiple differently exposed images prepared by tone mapping in grayscale. The approach
fused these images by applying multi-scale fusion with the help of weight maps which were
constructed by using parameter controlled contrast, saturation and exposedness values.
Various researchers have attempted low light image enhancement using different methodologies.
Guo et al. [11] proposed an optimization-based strategy (LIME) for illumination map estimation
and further, image enhancement. In LIME, the pixel-wise maximum of an image is taken as an
estimate of illumination of the image. This illumination is 2 enhanced using an optimization-based
approach. Fu et al. [12] attempted the simultaneous estimation of illumination and reflectance as
part of Retinex theory, using a probabilistic prior. Further, Fu et al. [13] proposed a wei ghted
strategy for estimation of illumination and reflectance. Some illumination estimation -based
approaches are discussed in detail in [14]. Ghosh and Chaudhury [15] attempted the optimization
of bilateral filtering for improved enhancement.
In this paper, we present a novel approach of image enhancement using multi-scale fusion. The
content of the remaining paper is organized as follows. Section II explains the novel methodology
proposed. Section III presents the results and constructive analysis of the proposed approach.
Section IV concludes the paper.
2 Methodology
2.1. Motivation
Low-light images are difficult to interpret accurately. Images with underexposed or overexposed
areas hide details, and thus objects contained in them are not easily comprehensib le. Lowlight
images with underexposed regions require enhancement of contrast and brightness so as to increase
interpretability, without causing over-enhancement. Images containing overexposed areas need to
reduce the exposure in such regions and enhance their contrast, to bring out the details hidden in
them. These requirements call for bringing uniformity in illumination of the image, and not just a
direct enhancement of brightness. In addition, the enhancement of contrast is also required, but
without disturbing the natural feel of the image. Liu et al. [10] proposed an algorithm for
enhancement of images using multi-exposure sequence generation. The algorithm first reduces the
three-channel image to a single channel intensity image. The intensity image is used for generation
of a multi-exposure sequence using an LDR tone mapping operator. Weight maps are then
calculated for the images in the sequence using measures of contrast, exposedness and saturation,
dependent on some parameters obtained as a result of minimizing an energy function. Further, the
sequence is fused using multi-scale fusion. The success of the technique in enhancement of details
and illumination of the image suggests the effectiveness of using multi-exposure sequence for
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fusion for image enhancement, and the weighting measures used. However, the minimization of
energy function used in the algorithm is a time taking module and leads to an increase in the time
complexity. The proposed method thus generates a multi-exposure sequence for generating
candidates for fusion, but is computationally very efficient as it does not involve the optimization
of an energy function. It has also been observed that the exposure sequence generated needs a
derivative having an enhanced contrast because the ima ges in the sequence are derived from the
original image only, and hence may not have satisfactory contrast enhancement in either of them.
This is not true of brightness as the sequence is generated by the manipulation of the intensities
only. Hence, no separate instance with brightness enhancement is needed in the sequence.
Multi-scale fusion introduced in [7] involves the smooth amalgamation of images with the
incorporation of required features. Naive fusion can also be used to blend images, but it has bee n
observed that naive fusion often results in artifacts. This is because of the gradient involved in
between pixel values. Multi-scale fusion, on the contrary, fuses the images without any artifacts
because of the repeated downscaling and upscaling. Therefore, the proposed algorithm uses multiscale fusion for blending input derivatives into the fused product.
2.2. Proposed Algorithm
The proposed algorithm enhances an image using multi-scale fusion of different input derivatives. The
enhancement is performed in a series of four steps. Firstly, the image is converted into its HSV model,
and the V channel of HSV model is used to generate a multi-exposure sequence of four images. Further,
the contrast enhancement algorithm FCCE [16] is applied to the V channel and taken as the fifth input
derivative with the multi-exposure sequence of four images being the first four input derivatives. Then, a
weighting strategy is used to give higher weights to pixels having desired values of brightness and
contrast. Finally, the input derivatives are fused using the weight maps generated in the previous step,
using multi-scale fusion. This sequence of steps is discussed below. The framework of the algorithm is
shown in Fig. 1.
2.2.1. Multi-exposure Sequence Generation: To perform IE, the algorithm takes the V channel of the
HSV format of the image and performs enhancement on it before stacking the V channel back with the H
and S channels which are kept unchanged. The V channel is used for enhancement because the V channel
stores the intensity of the color specified by the other two channels of the image, and hence can be taken
as the illumination. Next, a multi-exposure sequence is generated with respect to the V channel. The
multi-exposure sequence, in essence, creates a number of different versions of the V channel with
different exposures. Liu et al. generated a multi-scale exposure sequence in [10] with respect to the
intensity map of the image, using a Low Dynamic Range (LDR) tone mapping operator. The proposed
algorithm uses this operator to generate a multi-exposure sequence for the V channel. The LDR tone
mapping operator is given by:
f (Vn o rm,  )  Vn o rm 

Vn o rm
Vn2o rm   2

(Vma x  Vn o rm)

(1)

where i ∊ [1,4], Vnorm denotes the normalized V channel of the image, Vmax refers to the maximum value
of the V channel, and λ is a parameter controlling the jump in exposure from one image to the other in the
sequence. The value of n is taken to be 4 in the implementation, i.e., 4 images will be generated in the
multi-exposure sequence, named V1 to V4.
2.2.2. Generation of Contrast Enhanced Derivative: It is an important requirement of vision-based
systems that input images have well-defined edges and textural details. For the enhancement of details, it
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is required that contrast of the original low light image is enhanced.

Fig. 1: Framework of the Proposed Algorithm
To account for the enhancement of contrast, a contrast-enhanced derivative of V channel of HSV model
of the image is computed. The algorithm used for computing contrast-enhanced derivative is Fuzzy
Contextual Contrast Enhancement (FCCE) [16]. The result of FCCE is then appended to the multiexposure sequence generated in the previous step. Hence, the FCCE result is known as V5.
2.2.3. Computation of Weight Maps: The generated sequence of input derivatives is blended together to
form a single image that gives us the refined V channel of the image. The blending of images is done
using multi-scale fusion proposed in [7]. For multi-scale fusion, it is required that suitable weight maps
for input derivatives be constructed. The weight maps should be constructed in a manner so as to include
desired features in the fused image. Brightness and contrast are two features of image quality that are
required to be at desired levels.
As far as brightness is concerned, it is observed that both overexposed and underexposed pixel values are
not desired. Hence, it is required that we give higher weightage to pixels with values close to the middle
value of 0.5, i.e. pixels of medium exposure, while lower weightage to pixels away from 0.5. To quantify
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this concept, the proposed methodology computes a brightness weight map for each image in the input
derivative sequence. The computation of brightness weight map involves the use of a Gaussian kernel. It
is given by:
 (V  0.5) 2 
Wb i  exp i

 2(0.25) 2 

(2)

where Wb i is the brightness weight map, for i ∊ [1,5], where i denotes the input derivative index, and Vi
denotes the input derivative pertaining to index i.
Further, it is required that for each pixel location, the corresponding pixel values in input derivatives
having higher value of contrast be given more weightage than pixels with lower value of contrast. It has
been observed that the first order differential of an image gives a good measure of the contrast. Pixel-wise
gradient approximates the first order differential of the image. Hence, the proposed methodology uses the
absolute value of the pixel-wise gradient as the contrast weight map. It is given as:
Wci ( x, y) 

Dx2,i  D y2,i

D x,i  Vi ( x, y)  Vi ( x  1, y)
D y ,i  Vi ( x, y)  Vi ( x, y  1)

(3)

(4)

where Wci ( x, y) is the contrast weight map, for i ∊ [1,5], where i denotes the input derivative index, and
Vi denotes the input derivative pertaining to index i.
The weight maps are normalized so that the weight values for all the input derivatives sum up to 1 at each
pixel location. After normalization, the final weight map for each image is obtained by taking the
arithmetic mean of the brightness and contrast weight maps. This is given by:
Wk i 

(Wb i  Wc i )
2

(5)

where W k i denotes the final weight map for input derivative pertaining to index i.
2.2.4. Multi-scale Fusion: Burt and Adelson in [17] introduced the idea of Gaussian and Laplacian
pyramids. A Gaussian pyramid is constructed by repeated downscaling of an image using a low-pass
filter. On the other hand, a Laplacian pyramid is constructed by subtracting the immediately lower layer
from each layer upscaling the lower layer using a filter that acts in reverse with respect to the low-pass
filter used earlier. Burt and Kolczynski took the idea further in [7] and used it for the smooth blending of
different images into one. In [7], images are blended using weight maps. Laplacian pyramids are
constructed for input derivatives, while Gaussian pyramids are constructed for their weight maps. These
pyramids are then used for fusing the images in a layered fashion, given by:
n

L{V fin a l}l  G{Wk i }lk L{Vi }lk

(6)

k 1

where L denotes Laplacian pyramid and G denotes Gaussian pyramid. The resultant pyramid is summed
up to obtain the fused image, Vfinal.
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The fused image Vfinal is considered to be the refined version of the V channel of the input low light
image. Therefore, after computing Vfinal, it is stacked back with the original H and S channels of the
image. The HSV image thus obtained is converted into the RGB format to obtain the final enhanced
image.
3 Experimental Analysis
We performed exhaustive experimentation for analyzing the performance of proposed method. We used
images from: ExDark database [18], Barkeley segmentation database [19], and Nasa database [20] for the
experimental analysis. The analysis is performed with various methods: WIE [13], LIME [11], FWE [9],
and SRIE [21]. We analyze the proposed method using quantitative and qualitative analysis.

Fig. 2: Mean EME values for various enhancement methods.

Fig. 3: Mean SSIM values for various enhancement methods.
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3.1 Quantitative analysis
Qualitative analysis is required to analyse the quality of images. However, sometimes the qualitative
analysis becomes subjective. To overcome this quantitative analysis is required. We analyze the proposed
approach using EME, and SSIM [22].
EME is used to quantitatively analyze the output images for enhancement. EME is related to Weber’s law
and known as measure of enhancement. The higher the value of EME represents the superior
enhancement. The analysis of mean EME values for various methods is shown in Fig. 2.
SSIM [22] shows the similarity of structural details. SSIM uses mean, standard deviation, and variance to
compute similarity between image. The superior enhancement is represented by higher SSIM values. The
analysis of various methods based on mean SSIM value is shown in Fig. 3.
3.2 Qualitative Analysis
Due to absence of universally accepted quantitative measure, it is required to perform qualitative analysis.
Fig. 4-5 shows the qualitative analysis of the proposed method with other available method.
Fig. 4 shows ‘Door’, a low-light image and its enhanced versions with multiple methods. WIE provides
good enhancement in regions with normal lighting but while dealing with the dark regions WIE fails to
provide adequate enhancement. LIME provides better low-light enhancement. However, LIME fails to
provide appropriate color constancy. Also, the results from LIME sometimes appear to be over-enhanced.
FWE provides adequate low-light enhancement with appropriate color constancy. However, the contrast
of the image is not proper. FWE sometimes fails to provide appropriate contrast. SRIE provides
comparable enhancement. However, sometimes SRIE provides smoothing effect in the enhanced images
with is not desirable n few cases. The proposed method performs appropriately for low-light enhancement
and provides color constancy with proper contrast in the image. It can be noticed from Fig. 4 that
proposed approach is providing superior result from majority of the methods.
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Fig. 4. ‘Door’ and results of several algorithms

Fig. 5. ‘Boy’ and results of several algorithms.
The ‘Boy’ image with non-uniform lighting condition and its enhanced images is shown in Fig. 5. It can
be notices that WIE fails to improve lightness in the darker regions. LIME provides over-enhancement in
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few regions of the images. LIME fails to provide color constancy. FWE provides limited enhancement in
low-light regions. FWE fails to enhance darker regions. SRIE provides result with poor contrast and
smoothing effect. It can be observed from the Fig. 5 that the proposed method improves the lightness in
darker regions while having appropriate color constancy.
4 Conclusion
The paper provides a new approach for low-light image enhancement using image fusion. The proposed
method achieves appropriate low-light image enhancement. Further, the method effectively deals with
images with non-uniform lightning conditions. The superiority of proposed approach is validated by the
experimental analysis over large set of images. The proposed method provides low-light image
enhancement with almost no artifacts. Moreover, the proposed method provides appropriate color
constancy with proper lightness.
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