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1 Introduction

In this project, we’d like to explore and research how we could use deep learning to enhance low light images. Low-light
image enhancement has wild applications in our daily life and in different scientific research fields such as night surveillance,
automated driving, fluorescence microscopy, etc. This technique can improve the usefulness of an image to satisfy human
viewing. Also, it can make low-light images applicable for applications in autonomous driving, scientific data capture, and
general visual enhancement. For example, self-driving car can see humans in the dark environment to prevent accidents from
happening with this technology. Therefore, low-light image enhancement is very significant and is worth studying.

Regardless of the technological advancements, there is still a long way to improve this task. Low-light images typically suffer
from two problems which are low visibility and high noise. Low visibility shows that the image has small pixel values due to
few amount of photon, and high noise would dominate and disrupt the image content, so the overall signal-to-noise ratio is
low. We are trying to survey as well as implement methods based on the Awesome Low Light Image Enhancement GitHub
repository [1] which provides a list of resources related to low light image enhancement, including datasets, methods, papers,
and metrics to see the performance. Overall, we’d like to re-implement a method and then try to add some modifications
upon it to see if we could improve the performance.

2 Related Work

Many applications aim to enhance brightness, contrast, and reduce noise from the images in an on-board real-time man-
ner. Lore et al. [2] propose a deep autoencoder-based approach LLNET to identify signal features from low-light images
and adaptively brighten images without over-amplifying/saturating the lighter parts in images with a high dynamic range.
LLNET shows that a variant of the stacked-sparse denoising autoencoder (SSDA), which are a sparsity-inducing variant of
deep autoencoders that ensures learning the invariant features embedded in the proper dimensional space of the dataset in
an unsupervised manner, can learn from underlying signal characteristics/synthetically darkened and noise-added training
examples to adaptively enhance images taken from natural low-light environment.

Since it is hard to collect training data with low-light and normal-light images, Jiang et al. [3] use GAN (Generative
Adversarial Network) to do unsupervised learning. They use information extracted from input to regularize training. In this
model, there are one generator and two discriminators. For the generator, it adopt U-Net [4] with attention mechanism to get
multi-level features with rich texture information so that generator can generates real enough images to fake discriminators.
As for discriminators, one is local and the other is global. Global discriminator is responsible for discriminating real or
fake on image-level, while local discriminator is for local patch level. With this structure, the network can prevent over- or
under-enhancement in local region.

3 Solution

We plan to implement an algorithm called KinD proposed by Zhang et al. [5]. KinD is a deep learning-based solution
built on top of the Retinex theory. By decomposing images into illumination layer and reflectance layer, adjusting light on
illumination layer won’t affect details and possible degradations on reflectance layer and degradation removal can be done
on reflectance layer. There are three processes in this solution: layer decomposition on input image, illumination adjustment
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on illumination layer, and degradation removal on reflectance layer. Each of them correspond to a neural network, so there
are three sub-networks in this solution. Three sub-networks use either l1 norm or l2 norm as their loss functions.

Since there is no ground truth for layer decomposition, layer decomposition layer is trained by paired images. To be more
specific, for a specific scene, there are short-exposure image and long-exposure image. With paired image, loss function
is designed by comparing illumination layers and reflectance layers of paired images. For the illumination adjustment net
and reflectance restoration net, there is also no ground truth, so similar concept is used to design their loss functions. For
reflectance restoration net, it tries to make processed reflectance layer of low-exposure image approach that of high-exposure
image. Similarly, illumination adjustment net make adjusted illumination layer of low-exposure image close to that of
high-exposure image. During testing, only low-exposure image is needed.

Zhang et al. [5] used LOL dataset [6] to train the model. We plan to use LOL dataset as baseline and then maybe use
MIT-Adobe FiveK [7] to see whether there is performance difference.

4 Evaluation

We will evaluate the results by objective and subjective methods. For the objective evaluations, we will also compute PSNR
and SSIM. They are commonly used metrics for image quality. PSNR is the peak-signal-to-noise ratio. Higher PSNR
indicates that result images are closer to the ground truths. SSIM is structural similarity index measure, which shows the
similarity between structures of two images. Higher SSIM is better. Although these two objective metrics are popular, they
can’t reflect the visual perception of humans. Therefore, we will also compare input images, ground truths, and output
images by simply using our eyes. By placing those images side-by-side, we can tell whether there are any artifacts, like color
inconsistency or over-enhancement on output images.

As for the testing data, we plan to use LOL [6] and MIT-Adobe FiveK [7]. Besides, we will test the method on photos
captured by our cell phones.

5 Timeline

• September 25th - Topic brainstorm

• September 30th - Survey

• October 6th - Project proposal complete

• Early-October - Deep dive into KinD (paper study)

• Mid-October - Create a webpage, implement KinD model, collect datasets, and start experiments

• November 10th - Mid-term report complete

• Mid-November - Compare KinD with other methods to see performances and try to analyze the weakness of KinD

• December 6th - Final presentation

• December 15th - Project webpage complete
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