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Bio-Inspired Simple Neural Network for Low-Light
Image Restoration: A Minimalist Approach

Junjie Ye * and Jilin Zhao

Tongji University; yoghurt.wandersOy@icloud.com (J.Y.)

Abstract: In this study, we explore the potential of using a straightforward neural network
inspired by the retina model to efficiently restore low-light images. The retina model imitates
the neurophysiological principles and dynamics of various optical neurons. Our proposed neural
network model reduces the computational overhead compared to traditional signal-processing
models while achieving results similar to complex deep learning models from a subjective perceptual
perspective. By directly simulating retinal neuron functionalities with neural networks, we not only
avoid manual parameter optimization but also lay the groundwork for constructing artificial versions
of specific neurobiological organizations.
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1. Introduction

Research has already revealed the complex information processing capabilities of mammalian
retinas (Gollisch and Meister 2010), which preprocess optical signals before sending them to
higher-level visual cortices. Recent studies have also identified numerous subtypes of retinal neurons,
each with unique roles that enable hosts to quickly and intelligently adapt to changing environments
based on perceptions (Franke et al. 2017; Liu et al. 2021). Leveraging the working principles of the
retina (Land and McCann 1971) has led to the development of more intelligent perception-related
algorithms and impressive achievements in image processing tasks, such as high-dynamic range image
tone mapping (Meylan and Susstrunk 2006; Wang et al. 2013; Zhang and Li 2016; Park et al. 2017).

The work discussed in (Zhang and Li 2016) is a prime example of a model inspired by the
workings of various types of neurons, such as horizontal and bipolar neurons, for tone mapping tasks.
The authors of (Zhang and Li 2016) systematically explored different aspects of retinal circuitry from a
signal processing perspective, inspiring the development of a corresponding computational model. By
separating images into individual channels for algorithm modulation and aggregating the results, this
work achieved superior results.

Traditional tone mapping in digital image processing often involves histogram equalization,
which can cause images to lose color constancy, making objects appear in different or unnatural colors
after restoration. This is particularly challenging for low-light image restoration tasks. While the
work in (Zhang and Li 2016) yielded impressive results, it relied on mathematical formulas and was
too algorithmic-oriented. Additionally, some model parameters depended on domain knowledge,
requiring author experience to select the most appropriate ones.

In our report, we draw inspiration from (Zhang and Li 2016) to re-examine the working principles
of the retina and design a network to address the low-light image restoration problem. Our network
aligns with the optical signal processing flow of different neurons, providing a clear correspondence
between the neural pathway in the retina and offering a transparent explanation for the design
motivation. Furthermore, this simple model benefits from the end-to-end learning philosophy,
eliminating the need for manual parameter optimization. Experiments demonstrate satisfying image
restoration from a subjective perceptual perspective, and we plan to improve objective metrics in
future work.
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2. Background

Low-light image processing has become a crucial area of research in recent years, as it plays
a significant role in various applications such as surveillance, autonomous vehicles, nighttime
photography, and even astronomical imaging. Addressing the challenges posed by low-light
conditions, such as reduced visibility, increased noise, and loss of details, is essential for enhancing the
performance of computer vision tasks like classification, detection, and action recognition (Chen et al.
2018; Wang et al. 2020a; Ma et al. 2021). Deep learning techniques, particularly convolutional neural
networks (CNNs), have demonstrated remarkable success in addressing low-light image processing
challenges (Wang et al. 2021; Li et al. 2019).

Numerous deep learning-based methods have been proposed for low-light image enhancement,
which mainly focus on various computer vision tasks. For classification purposes, the authors in (Wu
et al. 2023) introduced a method that adapts to the varying illumination conditions by incorporating
a spatial transformer network. Similarly, for object detection in low-light scenarios, a multi-scale
feature fusion strategy was proposed in (Wang et al. 2020b), which improves the detection performance
by exploiting the rich contextual information. In the context of action recognition under low-light
conditions, researchers in (Wei et al. 2022) developed a two-stream fusion framework that effectively
captures the spatial-temporal information. Researchers in Hira et al. (2021) proposed a sampling
strategy that leverages temporal structure of video data to enhance low-light frames. Additionally,
the authors in (Ren et al. 2020) proposed a light-weight CNN for enhancing low-light images that
significantly reduces the computational complexity without sacrificing the classification accuracy.

Low-light image denoising is another area of interest, with various CNN-based approaches being
proposed. A deep joint denoising and enhancement network was introduced in (Zhang and Wu 2016)
to tackle the challenges of denoising and enhancing low-light images simultaneously. The authors in
(Zhang and Wu 2016) proposed a noise-aware unsupervised deep feature learning method to improve
the denoising performance by learning the noise characteristics adaptively. In (Tian et al. 2020), an
attention mechanism was incorporated into the denoising network to selectively enhance the relevant
features for better noise suppression.

Apart from denoising, low-light image dehazing has also been an active research topic. The work
in (Hassan et al. 2022) presented a multi-task learning framework that jointly addresses the dehazing
and denoising problems, resulting in improved image quality. Another study (Zhang et al. 2021)
introduced a deep reinforcement learning-based approach for adaptive low-light image enhancement,
which optimizes the enhancement parameters to achieve visually pleasing results.

To address the limitations of deep learning models, such as their large size and computational
complexity, bio-inspired approaches have been gaining attention. These approaches draw inspiration
from the functioning of the human visual system, particularly the retina, which is known for its
efficiency and adaptability in processing visual information under different lighting conditions
(Gollisch and Meister 2010). However, the majority of the existing research focuses on complex
models, limiting their applicability in resource-constrained environments.

In this paper, we present a bio-inspired, simple neural network for low-light image restoration that
is inspired by the principles of various neurons in the retina. Our proposed network aims to achieve
satisfactory results while maintaining a minimal architecture, making it suitable for deployment in
various systems and scenarios.

Another area that has seen advancements is low-light image color correction. The work presented
in (Jing et al. 2020) proposes a deep learning-based method for unsupervised color correction in
low-light conditions, where the model learns to map the color distribution of the input image to that of
a target image. Similarly, (Jiang et al. 2021) introduced a joint color and illumination enhancement
framework using generative adversarial networks (GANSs), achieving improved color fidelity and
contrast in low-light images.

Furthermore, researchers have explored the potential of unsupervised and self-supervised
learning methods for low-light image enhancement. In (Chen et al. 2018), an unsupervised domain
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adaptation approach was proposed to transfer the knowledge learned from synthetic low-light data
to real-world low-light images. The authors in (Zheng and Gupta 2022) introduced a self-supervised
learning framework for low-light image enhancement, leveraging the cycle-consistency loss to generate
high-quality enhanced images.

In summary, while existing deep learning-based methods have achieved impressive results in
various low-light image processing tasks, their computational complexity and large model sizes
often limit their practical applicability. This paper aims to address these limitations by introducing a
bio-inspired, simple neural network for low-light image restoration that draws upon the principles
of various neurons in the retina. Our proposed network strikes a balance between performance and
computational efficiency, making it suitable for deployment in a wide range of systems and scenarios.

3. Method

The computational model in this study takes into account the fact that cone photoreceptors are
responsible for colors, while rod photoreceptors handle illuminance. Although low-light conditions
may cause images to appear monochromatic, downstream cells such as horizontal cells (HCs) and
amacrine cells (ACs) still aim to create a polychromatic visual perception for survival purposes (Osorio
and Vorobyev 2005; Dresp-Langley and Langley 2009). The model from (Zhang and Li 2016) proposes
two stereotypical pathways for optical signal processing in the retina: a vertical path where signals are
collected by photoreceptors, relayed by bipolar cells (BCs), and sent to ganglion cells (GCs), and lateral
pathways where local feedbacks transmit information from horizontal cells back to photoreceptors
and from amacrine cells to horizontal cells.

Furthermore, cone photoreceptors consist of three types (S-cones, M-cones, and L-cones), each
sensitive to different wavelengths, roughly corresponding to the red, green, and blue (RGB) channels of
a color image. The study in (Zhang and Li 2016) suggests an overall split-then-combine computational
flowchart.

Our model also considers the electrophysiological properties of neurons in the retina. Unlike
most neurons in the cerebral cortex, some retinal neurons are so small that local graded potentials can
propagate from upstream synapses to downstream somas. For instance, bipolar cells directly excite
ganglion cells via local graded potentials from synapses between photoreceptors and bipolar cells.
We assume that photoreceptors also have a direct impact on ganglion cells, and we propose a flow of
optical signal processing as shown in Fig. 1.

According to (Zhang and Li 2016), the information processed by HCs can be represented by
Equation (1):

h(x,y) = L(x,y) xg(x, y;0(x, y)) 1

However, the circuits before BCs also introduce a recursive modulation to channel data 2, which
can cause numerical instability.

_ L(xy)

To avoid this issue, we simplify the equation to a more straightforward finite impulse response
form as in equation :

b(x,y) = a-Ic(x,y) + - L(x, y)h(x,y) ®)

This can be further simplified to a residual form in Equation (4):

b(x,y) = L(x,y) +h(x,y) 4)
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Next, along the optical signal processing neural circuitry, BCs exert a double-opponent effect on
the signal modulated by HCs, which can be modeled as a convolution with a difference of Gaussian
(DoG) kernel, as shown in Equation (5)

v(x,y) = b(x,y) * f(x,y) ®)

Although neural networks generally lack the constraint to exert such an effect, we only require the
initialization of the corresponding convolutional layer weights to comply with a DoG kernel instance.
We choose specific values for this purpose and construct the filter accordingly using Equation (6)

k=G (O, 0’1) -G (O, 0’2) (6)

As mentioned earlier, bipolar cells relay signals via local potentials rather than action potentials,
so we assume that the signals, although attenuated, still potentially exert influence on the ganglion
cells. This assumption refines equation (5) to Equation (7):

o(x,y) = Ie(x,y) + b(x,y) * f(x,y) 7)

Based on the above computational model, we design the neural network architecture in the
next section. This architecture aims to mimic the process of optical signal processing in the retina
and provide a more accurate representation of how the retina processes visual information. The
neural network will be designed to handle both the vertical and lateral pathways for optical signal
processing, incorporating the various cell types involved in the process. By taking into account the
electrophysiological properties of retinal neurons and the specific interactions between photoreceptors,
bipolar cells, and ganglion cells, our model offers a more comprehensive and biologically plausible
representation of visual processing in the retina. In conclusion, this computational model strives to
accurately represent the complex processing that occurs in the retina, providing valuable insights
for the development of improved artificial vision systems and a deeper understanding of the neural
mechanisms underlying human vision. By considering the electrophysiological properties of retinal
neurons and the interplay between different cell types, this model offers a more complete and
biologically plausible representation of the retina’s optical signal processing pathways.

4. Experiment and Results

4.1. Dataset Utilized

In our experiment, we employ the open-sourced LOw-Light (LOL) image dataset (Wei et al. 2018).
This dataset comprises 500 pairs of low-light and normal-light images, split into 485 training pairs and
15 testing pairs. The images predominantly feature indoor scenes and have a resolution of 400x600.
Given that this image size is comparable to those captured by applications like low-light surveillance,
we process the images without down-sampling to represent real-world scenarios.

4.2. Neural Network Design and Configuration

The RGB channel values are processed independently. As a result, we utilize depthwise
convolutions to maintain this separation (Howard et al. 2017). The overall network structure aligns
with equations 1, 4, and 7. It is worth noting that in Equation (1), the o parameter for convolution
¢ relies on pixel values as the operation moves across the monochromatic input I.(x,y). To reduce
computation overhead, we forego determining ¢ for each location, opting instead to let the network
learn the optimal weights during training by specifying the configuration.

Using the above-described configuration, we train the network for 20 epochs with a batch size of
8 and a learning rate of 0.001. The network has only 108 learnable parameters, so the risk of overfitting
is minimal, and we do not perform additional validation. Following training, the network is tested
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directly on the test set. Sample results are shown in Figure 1, illustrating that our simple network can
restore low-light images with a certain level of perceptual quality. Nevertheless the filters” limited
size may not effectively extract global illumination information, resulting in darker restored images
compared to the ground-truth images.

Original Image Enhanced Image

Low-Light Image
p— —

RN
SN
OO
W

Figure 1. Figure showing (a) Original image, (b) Low-light image, and (c) Enhanced image

To evaluate the restored images” quality objectively, we compute the structural similarity index
measure (SSIM) for all test samples. The average SSIM is 36.2%, lower than the 76.3% to 93.0%
SSIM range reported by other models. Although previous research focused on more theory-oriented
heavy models, our straightforward network ensures potential deployment across various systems and
scenarios.

5. Conclusion

We have developed a simplistic neural network based on the functional principles of retina
neurons and applied it to the LIIR problem. By conducting experiments on the benchmark LOL
dataset for LIIR tasks, our results indicate a degree of restored image satisfactoriness from a subjective
perception standpoint. While the SSIM’s objective assessment falls short compared to other methods,
the importance of drawing inspiration from biological computation for constructing simple networks
is evident, and future work can address the current limitations.
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