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Abstract: Endoscopic medical images can suffer from uneven illumination, low contrast, and lack
of texture information due to the use of point directional light sources and the presence of narrow
tissue structures, posing diagnostic difficulties for physicians. In this paper, a deep learning-based
supervised illumination enhancement network is designed for low-light endoscopic images, aiming
to improve both global illumination and local details. Initially, a global illumination enhancement
module is formulated utilizing a higher-order curve function to improve global illumination.
Secondly, a local feature extraction module incorporating dual attention is designed to capture local
detailed features. Considering the significance of color fidelity in biomedical scenarios, the designed
loss function prioritizes introducing color loss to alleviate image color distortion. Compared with
seven state-of-the-art enhancement algorithms on Endo4lE endoscopic datasets, experimental
results show that the proposed method can better enhance low-light endoscopic images and avoid
image color distortion. It provides an efficient method to enhance images captured by endoscopes
which can effectively assist clinical diagnosis and treatment.

Keywords: endoscopic image enhancement; dual attention; higher-order curve function
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1. Introduction

Endoscopic technology plays an important role in the diagnosis and treatment of diseases.
However, the practical implementation of medical endoscopy is frequently impeded by low-light
environments, stemming from the intricate physiological structures of internal organs and the
utilization of point directional light sources. This impedes the ability of physicians to accurately
identify and localize lesions or areas of pathology. Low-light image enhancement has emerged as an
effective method to address endoscopic image quality issues, aiming to enhance the visibility and
interpretability of the images.

Image enhancement methods typically fall into two main categories: traditional algorithms and
deep learning approaches. Traditional image enhancement models include histogram equalization
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(HE) [1-6] and the Retinex model [7-14]. Histogram equalization enhances contrast by adjusting the
dynamic pixel range of an image to approach a uniform distribution. Since histogram equalization
does not take into account the pixel relationships between images, it leads to the problem of
information loss and over-enhancement of illumination. To solve this problem, Ibrahim et al. [2]
proposed a histogram regionalization method that assigns a new dynamic range to each partition.
The Contrast Limited Adaptive Histogram Equalization (CLAHE) [1] algorithm enhances image
contrast by adaptively adjusting the histogram of local regions, preventing the over-amplification of
noise and improving overall visibility. The Retinex method aims at presenting the image in a human-
perceptible way, which assumes that the image consists of two parts: reflections and illumination.
Typically, only illumination is considered and reflectance is treated as a constant. The approach
centers on the lighting component, improving the perceived image quality by emphasizing the role
of lighting in our visual experience. Guo et al. proposed the LIME algorithm [11] to enhance low-light
images by estimating the illumination map. Tan et al. [15] decomposed the image into two layers: the
detail layer and the base layer. The vascular information is extended through the channels in the
detail layer, while adaptive light correction is applied to the base layer. In EIEN [16], the image is
decomposed into light and reflection components, which are then processed separately. Finally, the
reconstructed image is obtained by multiplying the enhanced optical and reflected components.
Tanaka et al. [17] proposed a gradient-based low illumination image enhancement algorithm
emphasizing the gradient of the enhancement of the dark region. Wang et al. [13] proposed an initial
illumination weighting method to improve the illumination uniformity of an image by incorporating
the inverse square law of illumination while maintaining exposure, chromatic aberration, and noise
control. This method effectively improves the illumination and uniformity of endoscopic images
from both visual perception and objective evaluation. Fang et al. [3] proposed a conventional
algorithm to enhance the illumination of endoscopic images, which is based on a modified
unsharpened mask and the CLAHE algorithm. Acharya et al. [4] presented an adaptive histogram
equalization technique based on a genetic algorithm. The framework incorporates a genetic
algorithm, histogram segmentation, and a modified probability density function. LR3M [18]
considers noise generated during low-light image or video enhancement and applies two stages to
enhance the image and suppress noise, respectively. These traditional algorithms provide the benefits
of high reliability and interpretability. Nevertheless, they often involve manual feature selection in
their physical models, and the effectiveness of enhancement results depends on the accuracy of the
selected features.

Deep learning methods have made impressive and significant advances in enhancement results
in recent years, attributed to their capacity to automatically extract features from a large dataset of
images for low-light image enhancement. The pioneering LLNet [19] was the first deep learning
network designed to enhance images captured in low-light natural scenes. Subsequently, numerous
deep learning methods for enhancing image illumination have emerged [20-26]. Many researchers
employed adversarial generative networks to generate synthetic datasets. Adversarial generative
networks play an important role in synthesizing datasets to overcome data pairing issues, with
commonly employed synthetic dataset generation methods like Pix2Pix [27] and CycleGan [28]. Zero-
DCE [29] estimated the light intensity as a specific curve and designed a non-referenced loss function
for deep training within a given image dynamic range, which is in line with the requirements of
lightweight networks. FLW [30] designed a lightweight enhancement network with global and local
feature extraction adjustments, proving effective for enhancing low-light images. While these
algorithms have yielded satisfactory outcomes in enhancing natural images, their efficacy is
constrained when applied to medical endoscopic images. The internal cavity environment of
endoscopes exhibits weak texture characteristics due to non-Lambertian reflections from tissues, and
the structural configuration of the internal cavity, coupled with the use of point light sources, leads
to images displaying uneven light and darkness. Utilizing existing algorithms directly in such
environments proves ineffective in enhancing image brightness in cavity depressions, and they fail
to consider overall image brightness uniformity and overexposure, both critical for expanding the
surgeon's field of view and executing surgical maneuvers. The existing network model introduces a
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certain degree of smoothing effect on the detailed information of tissue structure in endoscopic
images during the brightness enhancement process. However, the detailed information in weak
texture images serves as a crucial basis for diagnosis and treatment, necessitating emphasis. Unlike
natural images, endoscopic application environments demand strict color fidelity maintenance, and
prevailing methods typically exhibit substantial color bias in such settings, rendering them
unsuitable for direct application to scene brightness enhancement.

This paper specifically designs a low-light endoscopic image illumination enhancement network.
The network comprises a decomposition module, a global illumination module, a local feature
extraction module with dual attention, and a denoising module. The loss function accounts for color
difference, structure, and illumination aspects. Experimental results on the Endo4lE [31] dataset
demonstrate that the proposed method outperforms existing state-of-the-art methods in terms of
Peak Signal-to-Noise Ratio (PSNR), Structural Similarity (SSIM), and Learned Perceptual Image Patch
Similarity (LPIPS).

In summary, this approach contributes the following key elements:

e A novel network architecture is proposed for the global and local enhancement of low-light
images in endoscopic environments. The network addresses the global brightness imbalance
and the weak organizational texture commonly found in endoscopic images by integrating
global illumination, local detail enhancement, and noise reduction, thereby achieving a balanced
enhancement of brightness in endoscopic images;

e The global illumination enhancement Module mitigates the luminance inhomogeneity in
endoscopic images resulting from the use of point light sources and the tissue structure
environment. This is achieved by enhancing the overall image illumination perspective. Inspired
by the Retinex methodology, the module extracts the overall image illumination through the
decomposition of the model and optimizes the higher-order curve function using histogram
information to automatically supplement the image luminance;

e Addressing the weak texture characteristics of endoscopic images, the local enhancement
module incorporates a feature enhancement with a dual-attention mechanism. This mechanism
enhances the local detailed feature expression of images by integrating curvilinear attention and
spatial attention, effectively improving the detailed expression of the image organizational
structure.

In this paper, Section 2 details the proposed image enhancement method, Section 3 covers the
related experiments, Section 4 provides the conclusions, and Section 5 offers discussions.

2. Materials and Methods

We first present the general framework of the methodology, and then follow the details of the
method and the composition of the corresponding modules.

2.1. Overall Pipeline

Figure 1 shows the comprehensive framework of the low-light image enhancement network.
The global illumination enhancement module automatically improves light brightness by employing
illumination separation and nonlinear enhancement, aiming at global brightness equalization and
brightness enhancement of dark areas. The local detail enhancement module enhances organizational
structure details by amplifying local dimensional interaction feature information through a dual
attention mechanism. To ensure color realism, the loss function design prioritizes chromaticity loss.
The proposed framework in this paper comprises two key components: the global illumination
enhancement module and the local enhancement module. Given a low-light image /,,, € R"*"”, the

decomposition module is employed to decompose the low-light image to an illumination map

Ie R and a reflectance map Re R .

The decomposition process includes three
convolutions with LeakyRelu functions and one convolution with the Relu function. Then, the

illumination map obtained from decomposition is enhanced by using a global illumination
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enhancement module with high order curve function. Afterward, the local enhancement module
extracts detailed features by dual attention and removes the noise generated in the previous processes.
The denoising process includes seven Conv2D layers with Relu activation functions and one
convolution with Sigmoid activation function. The network enables low-light images to be enhanced
to improve the illumination of dark areas and maintain color fidelity. It outperforms existing methods
in terms of visual effects and performance metrics.
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Figure 1. Framework Flowchart.

2.2. Global Illumination Enhancement

To enhance the global illumination, a global illumination enhancement module is designed in
this paper to enhance the illumination map by the higher-order curve function [29]. According to the
Retinex theory, a low-light image can be decomposed into an illumination map and a reflection map,
the decomposition equation is as follows:

[=LR, 1)

Where / is the low-light image, L is an illumination map, and R is a reflection map. Inspired by the
Zero-DCE principle [29], a higher-order curve function operation is performed on the illumination
map L to achieve global illumination enhancement. The parameters of the higher-order curve
function are computed from the histogram of the illumination map and consist of a five-layer
convolution and a LeakyReLU activation function. According to the literature [29], the equation
representing this curve is as follows:

E(L(x), @) = L(x)+ aL(x)— aL*(x), 2)
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where x represents the illumination of a pixel point, and E(L(x),&) signifies the enhanced
illumination of L(x) . The training parameter & adjusts the curve's amplitude and controls the

exposure level, with its value range limited to [-1, 1].
The light-enhancement curve [29], as defined in Equation (2), can be applied by the following
equation:

E,(x)=E, |(x)+0E, | (x)-aE, (x), 3)

where the parameter n represents the number of iterations and controls the curvature of the curve.
In our method, we set the value of n to 7. Equation (3) is equivalent to Equation (2) when # is equal
to1.

Equation (3) is applied globally to all pixels, representing a universal adjustment. However, this
global mapping can sometimes overpower or underpower specific local regions. To solve this
problem, parameters are introduced for each pixel. The modified expression of Equation (3) is given
below:

En ()C) = En—l ()C) + an (x)En—l ()C) - an (x)EI?—l ()C), (4)

The dimensionality of ¢, matches that of the input image, ensuring adherence to the necessary
conditions. ¢, is obtained from the illumination map of the low-light input image by calculating its

histogram, which is computed from the 5-layer MLP. The higher-order curves are normalized,
monotonically increasing, and differentiable. Normalization ensures that each adjusted pixel remains
in the range [0, 1], thus preventing information loss due to potential overflow. Monotonicity
preserves the distinction between neighboring pixels and ensures consistent contrast enhancement.
Distinguish ability in turn facilitates efficient backpropagation during training. Then the enhanced
illumination map L., and the reflection map R are multiplied to obtain a global illumination

enhanced image /, . The equation is as follows:

Ig = Concat([Len’Len’Len ])XR’ (5)

2.3. Dual Attention

The image is adjusted with global and local spatial attention. To better extract the detailed
contrast of the image, a dual attention mechanism is adopted for local and spatial feature extraction.
Dual attention includes curve attention and spatial attention, which operate parallel. Curve attention
proposed in the literature [32] can effectively extract the local feature, the equation is as follows:

[Ln(c)

=Curve, 1 (1=1L, ), (6)
[Ln—l(c)

Where IL,, . is the curve function, and ¢ represents the feature location coordinates. It is estimated by

three Conv2D layers and Sigmoid activation. The equation is as follows:
CA(ID) =1Ln(c) (ID )’ (7)

CA(I ) denotes that curve attention is applied to image /, to extract local features to extract local

features.

Spatial attention adopted global average pooling and max pooling on input features respectively
to get the interspatial dependencies of convolutional features [33], which are then concatenated for
convolution and sigmoid operations. The equation is as follows:

SPA(I ) =1, ® Sig(Conv(concat(Max(1 ), Avg(I p)))), ®)

SPA(I ) denotes the computation of spatial attention on /, to extract the global features of the image.

CA(1 ) is concatenated with SPA({ ) followed by a 1X1 Conv2D layer, the equation is as follows:
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1 guar = Convyg {concat(CA(I ), SPA(I )}, )

2.4. Total Loss

Apart from the commonly employed pixel absolute and structural losses, a hue and saturation
loss function, an illumination loss function, and a structural loss basis for FLW [30] are applied, and
a color difference loss is employed to maintain the color fidelity of the image. The total loss is
calculated as a combination of different loss functions for endoscopic low-light image enhancement,
the total loss function is as follows:

lLiowar =0+ lssg +lpg +1p + gy +1oq (10)

Given its alignment with human visual perception, the CIELAB color space enables more
effective comparison and measurement of color differences. So, in this paper, we convert the sSRGB
space to the CIELAB color space to more accurately assess the color difference between the enhanced
image and the reference image. The color difference equation/, is as follows:

1., =dl+dc /(1+0.045¢,)* )+ dh /(1+0.015¢,)?), (11)

Where 4! , de , dh , “1 denote the square of the L channel difference, the square of the € channel
difference, the chrominance channel difference, and the mean value of the chrominance channel
about the enhanced image respectively.

h represents the pixel-level loss between the enhanced image and the reference image, the

equation is as follows:

1 <& .. .
Zl = Zlen(la])_lref(l’])L (12)

M 2=t

Issiv is the SSIM loss, the equation is as follows:
Lssig =1=SSIM (14,1 or ), (13)

The structural similarity [34] function is as follows:

20y +cy . 2010, +c¢,

SS]M(Ien > Iref) = > (14)

Ui +13 +cp Of +05 +¢,

l,, measures the hue and saturation difference between two pixels, the equation is as follows:
Ly =1= > (Lo ) L G ), (15)

i=1, j=1

where< o > represents the cosine similarity of two vectors.
[, express the illumination relation, the equation is as follows:

b=1= % 3 (16,6, )-min 15, G, j), 15 —min I, G, ), (16)
ce{R,G,B} i=l, j=1

l,,. is the gradient loss, which expresses structure information. [, includes the sum of the

horizontal and vertical losses. The horizontal and vertical gradients of the enhanced image and the
reference image in the R, G, and B channels are calculated by subtracting the cosine similarity by 1
to calculate the gradient consistency loss. The equation is as follows:


https://doi.org/10.20944/preprints202311.1954.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 November 2023 doi:10.20944/preprints202311.1954.v1

m,n
lstr =1- z Z <Vlecn (ivj)_minV[gn (la j)’vlfef _minVIfgf (l3j)> > (17)
ce{R,G,B} i=1,j=1

3. Results

3.1. Implementation Details

The Endo4lE [31] dataset is employed for training and testing. This dataset is developed from
the EAD2020 Challenge dataset [26], EAD 2.0 from the EndoCV2022 Challenge dataset [35], and the
HyperKvasir dataset [36], where the exposure images are synthesized by CycleGAN after the
removal of non-informative frames to obtain the paired data. Each image in the dataset has
dimensions of 512X512. This dataset consists of 690 pairs of low-light and reference-light images for
training, 29 pairs for validation, and 266 pairs for testing. The proposed method is quantitatively
compared with several benchmark experiments: PSNR and SSIM.

All experiments are implemented using PyTorch in Python on a system with an Intel i9-12900KF
3.20 GHz CPU, NVIDIA RTX 3090Ti GPU, and 32 GB RAM. During training, the batch size was set
to 100, the Adam optimizer was utilized in the model, employing a learning rate of 0.0001. Visual
comparisons with existing methods show that while these methods enhance the illumination of the
image, they tend to fall short of preserving image details. Quantitative evaluation, utilizing PSNR,
SSIM, and LPIPS [37] metrics, demonstrates superior performance of the proposed method compared
to the state-of-the-art methods.

3.2. Enhancement Results

Figure 2 shows visual comparisons of results using the Endo4IE dataset. The methods compared
all enhance the illumination of the medical endoscopic image, but in the recessed area in the center
of the cavity, the illumination enhancement is insufficient, texture details are not demonstrated, and
color is distorted. The image generated by the Zero-DCE method has an overall grey appearance with
insufficient enhancement of the central black areas. The images tested with the LIME and LR3M
methods tend to be reddish, with improved brightness, but with noise spots in the edge portion of
the image, as in the fourth row of images in Figure 2. The image enhancement results of Ying's and
FLW methods are better than those of LR3M and LIME, but there is still a slight deficiency in terms
of color maintenance when compared to the reference image. The images tested by EFINet show the
same phenomenon as the two algorithms just described, with darker illumination in the central area.
The method proposed in this paper obtains better results on the same training dataset, achieving
consistency in illumination enhancement in the central recessed region, better resolution, and higher
color retention. MBPNet gives better results than the previous methods, with detail in darker areas
needing to be enhanced. From the fourth row of Figure 2, it can be seen that the edge part of the
illumination can still be improved to get a more detailed texture. A comparison of these methods
with the proposed in this paper shows that the proposed method not only enhances the illumination
effect well but also enhances the detail features and maintains color consistency.
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Figure 2. Visual comparison results on Endo4IE [31]. (a) The lowlight image; (b) The reference image;
(c) Zero-DCE; (d) LR3M; (e) LIME; (f) Ying's; (g) FLW; (h) EFINet; (i) MBPNet; (i) ours.

Table 1 provides the quantitative comparison results, where the method of this paper shows
better results in PSNR, SSIM, and LPIPS values with seven methods including MBPNet and EFINet
trained on the Endo4IE [31] dataset. As indicated in Table 1, the PSNR, SSIM, and LPIPS values for
the method presented in this paper are 27.3245 dB, 0.8349, and 0.1472, respectively. In the conducted
quantitative experiments, the PSNR values of our proposed method surpass those of Zero-DCE, FLW,
EFINet, and MBPNet by 12.8459 dB, 1.717 dB, 4.1963 dB, and 0.0915 dB, respectively. Similarly, SSIM
metrics demonstrate improvements of 0.1579, 0.0153, 0.0612, and 0.028 over the corresponding values
for Zero-DCE, FLW, EFINet, and MBPNet, respectively. Additionally, LPIPS scores are 0.154, 0.0014,
0.038, and 0.0211 lower than those of Zero-DCE, FLW, EFINet, and MBPNet methods, respectively.
The results strongly indicate that the enhanced images produced through the methodology
elucidated in this paper exhibit reduced disparities and superior structural resemblance when
compared with the reference images. Both qualitative and quantitative experiments validate the
efficacy of the proposed method in enhancing low-light endoscopic images.

Table 1. Quantitative comparison results on Endo4IE [31]. The best results are shown in bold.

Method Published PSNR(dB){ SSIM{ LPIPS|
LR3M [18] TIP(2020) 14.8124 0.7007 0.2634
LIME [11] TIP(2016) 19.9308 0.7046 0.2279
Ying's [38] ICCV(2017) 18.0976 0.7149 0.1821

Zero-DCE [29] CVPR (2020) 15.0663 0.6796 0.3012
EFINet [39] TCSVT(2022) 23.1282 0.7737 0.1852
FLW [30] ArXiv(2023) 25.6075 0.8196 0.1486
MBPNet [40] TIP(2023) 27.2330 0.8069 0.1683
ours 27.3245 0.8349 0.1472

3.3. Ablation Study

The ablation study demonstrated the individual contribution of each component in the network.
We designed a new network including an image decomposition module, a global illumination
enhancement module, a local feature extraction module, and a denoising module. A color difference
loss function is employed for the total loss function. Therefore, we performed ablation experiments
on each module using the dataset [31] to demonstrate the effectiveness of each module, the
quantitative comparisons are shown in Table 2.

Table 2. Results of quantitative comparisons about different components of the model on training.
The best results are shown in bold.

Global Illumination Local Enhancement
Sequence Enhancement Module Module PSNR(B)T  SSIMt  LPIPS|
1 v 26.6236 0.8311 0.1489
\ 26.8364 0.8282  0.1566
3 \ \ 27.3245 0.8349  0.1472

Ablation experiments were conducted to assess the individual contributions of various
components of the proposed method. The quantitative metric values PSNR, SSIM, and LPIPS reflect
the contribution of each module in Table 2. Changes in PSNR and LPIPS metrics in particular are
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evident in Table 2. Sequence 1 removes the global illumination enhancement module, and the PSNR
value obtained is 26.6236 dB, which is 0.7009 dB less than the whole algorithm, verifying the role of
the global illumination enhancement module. Removing the global illumination enhancement
module results in the LPIPS metric that is 0.0017 higher than the LPIPS of the proposed algorithm.
Similarly, removing the local feature enhancement network results in an LPIPS that is 0.0094 higher
than that of the entire network framework. Applying either the global illumination enhancement
module or the local enhancement module individually resulted in a decrease in the PSNR of the test
image. This decline indicates that a larger disparity between the processed image and the reference
image corresponds to a more significant deviation in image quality from the reference standard.
Furthermore, higher LPIPS values were observed when testing each module individually compared
to the proposed network. This suggests an increased perceived difference between the processed
image and the reference image, accompanied by a corresponding decrease in overall image quality.
These ablation studies highlight the essential role played by individual modules within the network
structure, underscoring their significance and interpretability in enhancing low-light endoscopic
images.

4. Discussion

We provide an efficient and effective global and local enhancement method for low-light
endoscopic images. The proposed method models endoscopic low-light images to effectively enhance
the illumination and details of endoscopic images. As illustrated in Table 1 and Figure 2, our model
achieves more efficient image enhancement compared to existing methods. Ablation experiments
indicate that the superior performance is attributed to the global illumination enhancement module
with the higher-order curve and the local feature extraction module with dual attention. In the local
enhancement module, the dual attention mechanism is followed by an effective denoising process,
which eliminates and suppresses noise from the previous step. To reduce the color bias, a color
difference loss function is introduced during the training process to prevent undesired color shifts.

5. Conclusions

This paper introduces a novel model for enhancing low-light endoscopic images through global
illumination and local detail enhancement. Inspired by the Retinex traditional method, the model is
designed to separate illuminance maps and iteratively optimize higher-order curve functions using
histogram information for balanced global illuminance enhancement. To address the importance of
detail organization structure, a local detail enhancement module with a dual attention mechanism is
integrated to amplify interaction features in local dimensions. The training process includes a
chromatic aberration loss function to preserve the color realism of the medical scene. Comprehensive
experiments demonstrate the quantitative and qualitative superiority of the proposed method over
existing approaches, providing an effective solution for low-light image enhancement in endoscopic
scenes. Future work is planned to hardwareize the network, enhancing real-time feasibility through
hardware implementation. Algorithm optimization will involve integrating endoscopic luminance
enhancement as a preprocessing step for subsequent tasks such as depth prediction and target
recognition in endoscopy.
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