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ABSTRACT

Low-light image enhancement poses a significant challenge due to the limited
information captured by image sensors in low-light environments. Despite recent
improvements in deep learning models, the lack of paired training datasets remains
a significant obstacle. Therefore, unsupervised methods have emerged as a promis-
ing solution. In this work, we focus on the strength of curve-adjustment-based
approaches to tackle unsupervised methods. The majority of existing unsupervised
curve-adjustment approaches iteratively estimate higher order curve parameters
to enhance the exposure of images while efficiently preserving the details of the
images. However, the convergence of the enhancement procedure cannot be guar-
anteed, leading to sensitivity to the number of iterations and limited performance.
To address this problem, we consider the iterative curve-adjustment update process
as a dynamic system and formulate it as a Neural Ordinary Differential Equations
(NODE) for the first time, and this allows us to learn a continuous dynamics of the
latent image. The strategy of utilizing NODE to leverage continuous dynamics in it-
erative methods enhances unsupervised learning and aids in achieving better conver-
gence compared to discrete-space approaches. Consequently, we achieve state-of-
the-art performance in unsupervised low-light image enhancement across various
benchmark datasets. Code is available at https://github.com/dgjung0220/CLODE.

1 INTRODUCTION

Images taken in various low-light environments suffer from insufficient light, leading to the capture
of limited information by the camera’s image sensor. Therefore, many studies have been conducted
to improve the quality of the low-light images and achieve images with optimal exposure levels. In
particular, recent supervision-based deep learning approaches ( , ;

, ) have shown remarkable performance in enhancing low-light i 1mages However
the process of collecting pairs of low-light scenes and their corresponding ground-truth images for
supervised learning is time consuming and resource intensive. As a result, unsupervised approaches
that rely solely on low-light images have been proposed to address this problem.

Among many unsupervised low-light image enhancement approaches, curve-adjustment-based meth-
ods, conventionally used in photo editing software (e.g., Photoshop), have received much attention.

After the introduction of first learning-based curve-adjustment work by Yuan and Sun ( ,

), iterative curve-adjustment-based methods have been explored in various subsequent studies.
These unsupervised methods achieve enhancement without using the ground-truth images by fitting
the brightness values of pixels in the input image to specific curves. In addition, it is advantageous to
preserve local structural information adaptively by allowing efficient pixel-by-pixel computations. For
example, ZeroDCE ( s ; , ) introduced a fast and lightweight neural network
to predict pixel-wise curve parameter maps within a fixed iteration step. In addition, ReLLIE (

, ) produced more accurate image enhancement results by using reinforcement learning
to predict the curve parameter map at each iteration step, with users able to adjust the number of
iterations.
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Figure 1: (a) Quantitative Evaluation: The average PSNR values on the LSRW (

and LOL ( , ), together with the respective parameter numbers for each (bﬁ)del

Visual Comparisons with ZeroDCE ( , ungupervisel] RetinexFormer ( ,
) 6uperviseyland proposed CLODEIfsupervised

In general, these curve-adjustment-based methods, which have fewer parameters, offer the advantage
of fast and ef cient training and also demonstrate the effectiveness of using higher-order curves for
low-light image adjustment. However, conventional iterative approaches in discrete-space with xed
update steps do not arrive at the optimal solution and cannot guarantee convergence of the optimization.
Therefore, we alleviate this problem in the discrete-space updating process of existing methods. In
doing so, we bring out the strengths of curve tting methods by reformulating the iterative update
formula into ordinary differential equations. This allows the iterative approach to be transformed from
discrete-space to continuous-space and to nd input-speci ¢ higher-order curves until convergence
within a speci ed tolerance. To be speci c, we present the Neural Ordinary Differential Equations
(NODE) model for the low-light enhancement task for the rsttime. By solving the NODE problem
using conventional ODE solvers, we obtain better approximate solutions to the curve-adjustment
problem. The proposing method therefore produces more accurate results than conventional results
from iterative updates in discrete-space by exploring the continuous exposure dynamics. In this
work, we introduceContinuous exposure learning foow-light image enhancement using neural
Ordinary Differential Equations CLODE), which is the rst dynamic system for low-light image
enhancement. Our main contributions can be summarized as follows:

« CLODE is the rst approach to formulate the higher-order curve estimation problem as a
NODE problem, enabling effective and accurate solutions with standard ODE solvers.

By transforming the discrete update formula into NODE, which is solvable in continuous-
space, we signi cantly enhance the unsupervised low-light image enhancement results across
various benchmark datasets as shown in Fig. 1. This effectively bridges the performance
gap between supervised and unsupervised approaches.

» CLODE also offers user controllability without altering the network architecture, enabling
users to manually adjust the desired level of exposure as needed.

2 RELATED WORKS

2.1 UNSUPERVISEDLOW-LIGHT IMAGE ENHANCEMENT

Obtaining well-exposed ground-truth images paired with corresponding low-lightimages is inherently
challenging, which limits the use of supervised learning in low-light image enhancement. To address
this limitation, many unsupervised methods have been developed to tackle the problem. First, there

are some approaches ( , , ) ) that utilize
the principles of retinex-theory. Among them, Pa|rLIE ( , ) ut|I|zes retinex-theory to
identify the re ectance and illumination, and employs gamma correction with user-de ned gamma
values to enhance the illumination. In addition, UDCN ( , ) and HEP (

) use hlstogram equalization results as a reference for exposure enhancement. Moreover, recent
approaches using GANs have shown remarkable improvements by additionally utilizing unpaired
images of normal exposed ( , ; , ). Lastly, there are curve-adjustment-
based methods ( , ) that transform images
through tone mapping. These methods have advanced the curve- tting techniques from traditional
editing tools into deep learning-based approaches, enhancing images by predicting the tting curves



Published as a conference paper at ICLR 2025

pixel-by-pixel. By repeating the pixel-wise curve tting and exposure enhancement for a xed
number of iterations in discrete-space, these approaches aim to handle locally varying exposure levels
(i.e.,single image with both underexposed and overexposed areas) in an unsupervised manner. Our
CLODE also follows this unsupervised curve-adjustment-based method and reformulates the curve-
tting problem into a neural ordinary differential equation (NODE). By solving the NODE problem
using conventional ODE solvers, we increase the accuracy of curve tting and thus signi cantly
improve the performance of low-light image enhancement.

2.2 NEURAL ORDINARY DIFFERENTIAL EQUATIONS

An ordinary differential equation (ODE) is a fundamental concept in mathematics that describes how
a function changes with respect to a single variable. It captures the relationship between a function
and its derivatives, providing a powerful tool for modeling dynamic systems, such as Newton's
Second Law of Motion. To effectively apply the strength of ordinary differential equations to the
deep learning model, the concept of neural ordinary differential equations (NODE) is introduced
in ( , ). The use of NODE facilitates model de nition and evaluation, highlighting its
effectiveness in parameter ef ciency, adaptive computation, and modeling continuous data. In order
to effectively capture more complicated functions, the Augmented Neural ODE (ANODE) (

, ) has been introduced. Furthermore, for seamless continuous time-series modeling, Latent
ODE ( , ) is proposed and recently, ClimODE ( , ) proposed
a continuous-time NODE models for numerical weather prediction. To be specic, in the eld
of computer vision, the Vid-ODE approach ( , ) has been introduced to generate
continuous-time videos. NODEO ( , ) has presented a versatile architecture tailored
for deformable image registration, and a temporal deformation model using the capabilities of
NODE has been developed in ( , ) to address the challenges associated with future
prediction tasks in the context of 4D reconstruction. With advantages like continuous-space modeling,
adaptive computation, and memory ef ciency, NODE ( , ) is utilized in various deep
learning tasks. However, it has not been extensively explored in the eld of image restoration. While
NODE-SR ( , ) has been introduced to address the arbitrary scale super-resolution
problem, our methodology marks the rst application in image exposure enhancement. In contrast
to NODE-SR ( , ), which learns the continuous variation of the scaling factor for
the arbitrary scale super-resolution problem, our CLODE learns the continuous variation of image
exposure through curve-adjustment.

3 PROPOSEDMETHOD

3.1 PRELIMINARY

In photo editing applications, the curve-adjustment method is often used to adjust the tone of
input images and provides effective exposure control. While this method is useful for pixel-wise
manipulation, it is not well suited for images that contain areas of extreme over- or under-exposure.
Additionally, a notable drawback of this approach is its reliance on manual adjustreentthé

number of updates) by the user for each input image. This can be time-consuming and potentially
less accurate in certain scenarios. To address this problem, Yuan and Sun ( , ) have
proposed a solution that aims to mitigate the limitations of manual adjustments. They introduced
an automated approach that involves estimating an image-spgsh@aped nonlinear tone curve
(referred to as aB-curve) tailored to each input image. Speci cally, for a given low-light image

where each pixel value is in the range [0, 1], S&eurve formula for the enhanced imatf,ecan be

represented as follows: |
lo=1lo+t s P (o) n P (1 lo); (1)

where s and j represent parameters for the amount of shadow and highlight, respectively. The
functionP serves as an increasing function for the adjustment that manipulates the intensity of
individual pixels within the input of the function.

While Eq.1 allows for adjusting the brightness of an entire image usrng asingle global curve parameter
existing iterative curve-adjustments approaches (

) operate on a pixel-wise basis of the mput |mages Furthermore they mtroduce
the nece55|ty of higher-order curves, which enhances images by tting higher-order curves for xed
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Figure 2: (a) lllustration of continuous update procedure of CLODE. Optimal iterative update can
be achieved through the ODE equatidin) lllustration of our ODEfund . ODEfunc contains the
Noise Removald), Curve Parameter Estimatioh)(module, and Eq. 9 to obtain the derivative value.

iteration steps while using a deep learning model to predict curve parameters on a pixel-by-pixel
basis. Speci cally the update formula enhances an imlagat then-th step to an imagk,+; at the
next step as follows:

lner = In+An In (@ 1n); (2)
whereA, 2 R H W represents a pixel-wise varying curve parameter mapGnd, andW
represent the number of channels, height, and width of the imagand operation denotes
element-wise multiplication. Note that, the elementéqfcorresponding to the curve parameters
at each pixel location are in the ranjgel; 1] and determine the quadratic curve for the pixel-wise
exposure adjustment durlng the enhancement process. Conventional curve-adjustment methods (

. ) iteratively follow this process for
t|mes ttlng an appropnate higher- order curve to produce the nal well-exposed output image. On
the contrary, our CLODE performs curve adjustment for image enhancement by reformulating Eq. 2
as an ordinary differential equation. This approach facilitates memory-ef cient training and yields
more accurate results through adaptive computation using modern ODE solvers.

3.2 CONTINUOUSEXPOSURELEARNING FORLOW-LIGHT IMAGE ENHANCEMENT USING
NEURAL ODEs

Although conventional curve-adjustment-based iterative methods offer advantages in terms of
lightweight network architecture and local robustness, these approaches cannot guarantee con-
vergence of the update process. ZeroDCE ( , ) empirically determines the iteration
numberN and enhances low-light images by iterating the curve-adjustment formuld Btimes.

While ReLLIE ( ) prowdes users with optional exibility, it requires manual
selection of the value dfl for each input image to further improve image quality. To tackle this
challenge in optimization, we reformulate the curve-adjustment-based formula outlined in Eg. 2 as a
Neural Ordinary Differential Equations (NODE). Then, we can solve the NODE with conventional
ODE solvers é.g.,Euler, RK4, dopri5) which guarantees the convergence of loss within tolerances.
Speci cally, we reformulate the original curve-adjustment-based formula by introducing a continuous
statet instead of using the discrete statas follows:

s = e+ F (Ie51); )

wheref is a neural network with trainable parametethat satis esf (I¢;t) = Ay It (1 1y).
Then, we can parameterize the derivative of the enhanced image during the update using the network
f if the continuous update step is very small, and it is given by,

dl,

R @
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By transforming the original curve tting problem into a NODE problem with an initial conditign
we can estimate not only the derivative value of each state but also recover the enhanced image by
solving the problem, and the initial value proZ)Iem is given by,

T

It =1lg+ f (I t)dt; (5)
0
wherel t denotes the well-exposed image at the nal statd-inally, the low-light image enhance-
ment process to outplt is accomplished by using the ODE solver as:

I+ = ODE _Solver (Io;[0; T];f ); (6)

whereODE _Solver denotes a conventional algorithm for solving the ordinary differential equations.

In our experiments, CLODE adopts the well-known dopri5 (Dormand-Prince 5th order Runge-Kutta)
as an adaptive ODE solver, that determines an input-speci ¢ number of iterations for each input and
dynamically adjusts the step size. Using the adaptive solver, we can adaptively compute the optimal
state for different exposure levels, thereby enabling a more accurate approximation of the solution.
This is in contrast to conventional methods, which use the same xed number of iterations for all
input images and cannot guarantee optimality and convergence. To the best of our knowledge, our
approach is the rst to de ne the low-light image enhancement problem as a novel NODE problem
with an initial condition.

3.2.1 ODEFUNCTION (ODEFUNC)

We can solve the NODE problem in Eq. 5 by integratingver the time interval0; T] with the given

initial valuel (e.g.,a low-lightimage). In practice, conventional ODE solvers are used to address
this problem, iteratively enhancing the low-light images using Eg. 3. In Fig. 2 (a), we illustrate the
continuous update procedure of our CLODE approach. Notably, the ODE function (ODEfunc)
computes continuous dynamics of the latent image and is a key element in the update procedure. The
detailed con guration of our ODEfunt is shown in Fig. 2 (b). To be speci ¢, our ODEfunc includes
Noise Removald) and the Curve Parameter Estimatitn) (nodules with trainable parameters, and

outputs‘ﬂ—t‘, the continuous dynamics of. Please refer to Appendix A.1.2 for more details.

Noise Removal Inthe ODEfunc, we rst employ a pre-processing step to eliminate the artifacts

from I and generate the denoised imdgén order to produce more accurate curve adjustment
parameterd\;. To minimize computational costs within tifie, we employ a simple and lightweight
three-layer convolutional neural netwaglas our Noise Removal module, expressed as follows:

= g(l): (7)
The re ned imagdy is then used as the input to the subsequent Curve Parameter Estimation stage.

Curve Parameter Estimation Inspired by ( , ; , ), to enhance
both under- and over- exposed areas, we not only use the denoisediinzengkits inverted version
(1 I7) asinputs to the Curve Parameter Estimation module. The formulation is given by:

A= h(i;1 1), (8)
whereA; represents the curve parameter map ahdh represents the Curve Parameter Estimation
module. For ef cacy, this module is also a lightweight convolutional neural network. In particular,
we apply layer normalization ( , ) to all intermediate features. Notably, the use of layer
normalization enables CLODE to handle the diverse exposure ranges of input images. Furthermore,
all convolutional layers within the Curve Parameter Estimation moktiéke the continuous state
t as a conditional input, allowing for time-varying outputs during the integration intgdval as

in ( , 2018).

Continuous Dynamics Lastly, the derivative value of the one-step stateiatcomputed in our
ODEfunc, and it is expressed as follows:

%=At e (1 1): )

Notably, unlike conventional curve-adjustment-based update formulas that discretize update steps,
our continuous dynamics allows the desired level of accuracy and produces more accurate solutions.
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Figure 3:lllustration of User Controllable Design. By manually changing the integration interval
from (T+ t)to+(T+ t),ourscan produce results with different exposure levels.

3.3 INFERENCEPROCESs oFCLODE

Inference Process Given a low-light input imagé,, CLODE undergoes successive image enhance-
ment throughf until convergence within the speci ed tolerance of the ODE solvers, resulting in a
well-exposed imagér . Note that, the output imadge may contain some noise that is ampli ed
during the image enhancement process. Therefore, we use the noise-fredinamgeur nal
outcome by applying the Noise Removal modgle

User Controllable Design CLODE learns the low-light exposure adjustment mechanism in the

continuous-space, and is trained to outiguby integrating the states frofito T in Eq. 5 using a

xed T. However, as shown in Fig. 3, users can manually adjust the integration interval by changing

the nal state valu€él at the test stage, allowing them to output images with the preferred exposure

level and even produce images darker than the input. In practice, by controlling the nal state from
(T+ t)to(T+ t),the exposure level of the output image can be easily controlled to provide a

more user-friendly exposure level.

3.4 ZERO-REFERENCELOSSFUNCTIONS

To address the challenge posed by the lack of ground truth, we use ve zero-reference loss functions
for unsupervised training.

Spatial Consistency Loss While the given low-light input imagé, is enhanced during the update
procedure, maintaining spatial consistency in the pixel brightness order is crucial for preserving
image details. Speci cally, we measure the difference in spatial consistency between the input image
| o and our predictiott by comparing the differences in neighboring pixel values. Similar to (

, ), we compute the spatial consistency after applying 4-by-4 average pooling ltg both
andl 1, and the spatial (;((()nsistency ldsg,a is expressed as:

X
Lopa = = (ma(le) maQe)j § maQloli ma(lo) )% (10)

i=1j2 (i)
The 4-by-4 average pooling operation is denotetha6) and ( i) includes neighboring pixels in

four directions (left, right, top, bottom) centered at positiohe normalization factdk denotes the

number of pixels in the reduced image after the pooling operationKarsdgiven by% % C.

Exposure Loss To enforce a consistent exposure level across pixels, conventional unsupervised

methods incorporate exposure guidance into the loss function ( , ). Similarly, we
introduce a desired exposure level paramEtand de ne the exposure logs,, as:
Lexp = jimas(l7) EJ]% (11)

In our experiments, we set the exposure ldvéb 0.6, which corresponds to the gray level in the
RGB color space. To maintain the overall exposure level in the results, we minimize the difference
between the pixel values of the predicted imégeand the desired exposure le¥ehfter performing

a 16-by-16 average pooling operatiang( ) on the output imagér .

Color Constancy Loss In conventional zero-reference methods, two main approaches are used
to enforce spatial color constancy: one based on the retinex-theory, and the other based on the

Gray-World hypothesis in ( , ). In this work, the color constancl lgsis based
on the Gray-World hypothesis asin ( , ; , ), and the formulation is
given by, ) ’ )

Lea =(R B)*+(R G)*+(G B)% (12)

whereR, G, andB are the mean pixel values of the red, green, and blue channels in the predicted
imagel 1, respectively. We minimize the color constancy lasg to correct the potential color
deviations in the enhanced image.
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Parameter Regularization Loss To prevent rapid changes of pixel values in nearby regions, we
employ the spatial regularization to enforce smoothness among neighboring curve parameter values
in A¢, and the formulation is given by,

Lparam = (jr xAoj + jr yAOJ)2 i (r xAT 4+ r yAT 1j)2; (13)
where the linear operations, andr , compute the horizontal and vertical gradients from the
parameter map, respectively. For better understanding, we repregentl as the stage before the
nal enhancement. We employ the parameter regularization loss at each updaegteed points
in Fig. 2 (a)) and accumulate the loss while solving the NODE problem.

Noise Removal Loss To estimate a spatially smoo#y regardless of the noise in the imaigewe
use the Noise Removal modulg) {o remove the noise. To train the Noise Removal module, we
utlllze a self-supervision- based ldsgoise that follows the Noise2Noise approaches (
, ; , ). Speci cally, we employ the loss introduced i |n

Zeroshot—NZN ( , ). Olukoise has two components at stadtethe residual
lossL!. and the consistency lods.,,.. We minimize these losses using two different down-
samplersp; andD,. Notably,D; andD, represent xed 2D convolutional kernels%5 095

0 05
and 55 g
stride of two. First, out !, ts the noise withinl; through a symmetric loss function similar to the
approach in , ) and it yields:

Lies = 53iD1(1)  9(P1(10)) D210z + [iD2(1)  9(D2(l))  Da(l)iia):  (14)
Next, as in ( , DL, ensures spatial consistency by maintaining similarity

in noise distributions, even if the order of denoising and downsampling is altered. Specilcglly,
also adopts a symmetric loss and is de ned as at each updateesgeped points in Fig. 2 (a)):

Léons—%(jjol(lt) 9g(P1(1)) Da(le gUl0)iiz+iiD2(l)  9(D2(1)  Da(le g(l))ii3):

, respectively. These kernels are used for downsampling through convolutions with a

(15)
Therefore, our nal noise removal lods,ise Can be represented accumulating during the update
procedure as: 0 T 1, T 1
Lnoise ( Lres + Lcons) it ( Lres I-cons (16)

As with Eq. 13, we represefit 1 as the stage before the nal enhancement. A more detailed
description of the noise removal loss is provided in Appendix A.5.

Final Objective Function The nal objective function to optimize is given as follows:
Liotal = Wspa Lspa ¥ Wexp Lexp ¥ Weol Lol + Wparam  Lparam + Wnoise L noise ; (17)

whereWspa , Wexp, Weol s Wparam » @andWngise are hyper-parameters used to control the relative
signi cance of each associated loss during the training process.

4 EXPERIMENTS

4.1 IMPLEMENTATION DETAILS

Please refer to Appendix A.1 for more implementation details and training scheme.

4.2 BEXPERIMENTAL SETUP

In this work, we use the LOL ( , ) and SICE ( , ) Partl datasets for training.
The results of low-light image enhancement are evaluated on the LOL and LSRW ( )
benchmark datasets. In addition, the SICE ( , ) Part2 dataset is used as a benchmark

dataset for evaluation under various exposure conditions. SICE Part2 contains 229 image sequences
with different exposure levels, and we use the entire sequences as the evaluation dataset. By default,
each comparison model uses its of cial network weights. In cases where the of cial code is available
but weights are not provided, the models are retrained using the of cial code and settings, except
for ReLLIE ( ). We present the performance of ReLLIE on the LOL dataset as
reported in their original manuscrlpt
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Figure 4:Visual comparisons.From top to bottom: LOL ( , ), under- and over-exposed
image of the SICE ( , ) Part2. For more visual results, please refer to Fig. 13 in the
Appendix.

4.3 QUANTITATIVE COMPARISONS

First, we quantitatively compare the performance of low-light image enhancement on different
datasets. Notably, in the experimental results, CLODE represents our proposed method without
requiring additional user input (by default), while CLOPEepresents the result of adjusting the nal
stateT to the user's preferred level, as introduced in Sec. 3.3.

In Table 1, we compare the low-light image enhancement performance on the LSRW (

)and LOL ( , ) benchmark datasets in terms of peak signal-to-noise ratio (PSNR)
and structural similarity (SSIM). The ternGT Meari refers to the evaluation method used by
KinD ( , ) and LLFlow ( , ), which matches the average value of the

output pixels to that of the ground truth pixels. CLODE and CLQ@DHtperform other unsupervised
learning methods. Notably, CLODQtven surpasses the PSNR of state-of-the-art supervised learning
methods by 0.73 dB, when averaging the results from the LSRW and LOL datasets in the rightmost
columns, without usingGT Mean Moreover, two notable points can be highlighted in Table 1.
First, the effectiveness of using NODE to compute accurate higher order curves is evident, as
demonstrated by its superiority over curve-adjustment-based methods; ZeroDCE ( , )
and ReLLIE ( ). Second, unlike other models trained on the same training dataset
(LOL), our model shows robust performance on both the LSRW and LOL test datasets, indicating
that our model generalizes better than conventional approaches.

In Table 2, we demonstrate the robustness under various exposure conditions including both under-
and over- exposures, and evaluate the performance on SICE Part2 ( , ). The results
show that CLODE exhibits robust performance compared to other models, even under various
exposure conditions. It outperforms other unsupervised learning methods, and even when compared
to supervised learning methods, CLOPp&nd CLODE achieve the best and second best results,
respectively. Despite being an unsupervised method, CLODE narrows the performance gap with
state-of-the-art supervised methods. Additionally, it operates robustly under challenging conditions
such as various exposure conditions in SICE Part2, surpassing supervised approaches. These strengths
distinguish CLODE from other unsupervised learning methods.

4.4 PERCEPTUAL ANDVISUAL COMPARISONS

In Table 2, we also provide a perceptual comparison of the results with other methods. The evalua-
tion is conducted on SICE Part2, which includes a combination of underexposed and overexposed
images. To measure the perceptual quality, we adopt Learned Perceptual Image Patch Similarity

(LPIPS) ( , ), and non-reference metrics; natural image quality evaluator (NIQE) (
, ), blind/referenceless image spatial quality evaluator (BRISQUE) (
perception index (PI) ( , ), and Entropy ( , ). In these four aspects both

CLODE and CLODH show outstanding performance compared to existing unsupervised methods.
The visual results are compared in Fig. 4. CLODE shows robust and natural image enhancement
results compared to other comparison methods, regardless of the exposure conditions of the input
image.



Published as a conference paper at ICLR 2025

Table 1:Quantitative results on LSRW ( , ) and LOL ( , ) datasets
For a fair comparison, we re-trained some models on LOL and marked them with *. Among
the unsupervised approaches, the best score is displayed,ithe second best iblue, and the
third best inblack. For more comparison results in terms of non-reference metrics, please refer to

Appendix A.5.4.
LSRW LOL Average

Training Method #Params (M) Train dataset ~ Normal GT Mean Normal GT Mean Normal GT Mean
PSNR SSIM' PSNR SSIM' PSNR SSIM' PSNR SSIM' PSNR SSIM' PSNR SsSIM*
15.49 0.355 16.55 0.371 16.77 0.419 17.65 0.648 16.13 0.387 17.10 0.510

RetinexNet ( s ) 0.4446 LOL
URetinexNet (' , ) 0.3069 LOL, SICE 17.63 0.516 18.10 0.523 19.84 0.826 21.33 0.835 18.74 0.671 19.71 0.679
Supervised DRBN ( . ) 0.5556 LoL 16.15 0.542 17.68 0.548 16.29 0.617 19.55 0.746 16.22 0.580 18.62 0.647
KinD (. , ) 8.0160 LoL 16.47 0.493 19.86 0.504 17.65 0.775 20.87 0.802 17.06 0.634 20.36 0.653
LLFlow ( . ) 38.859 LoL 17.52 0.509 18.68 0.518 21.15 0.854 24.99 0.871 19.34 0.681 21.84 0.694
RetinexFormer ( , ) 1.6057 LoL 17.76 0.517 19.15 0.529 25.15 0.845 27.18 0.850 21.45 0.681 23.17 0.690
GSAD ( , ) 17.434 LoL 17.37 0.509 19.51 0.525 23.01 0.850 27.60 0.875 20.19 0.680 23.55 0.700
PyDiff (. s ) 97.886 LOL 17.00 0.516 20.11 0.545 20.49 0.855 26.99 0.882 18.75 0.686 23.55 0.713
SCl-easy (| B ) 0.0003 MIT-5K 11.79 0.317 16.97 0.426 9.58 0.369 18.55 0.501 10.69 0.343 17.76 0.464
SCl-medium (! \ ) 0.0003 LOL,LSRW 1524 0.424 17.84 0.439 14.78 0.521 19.11 0.504 15.01 0.473 18.47 0.472
SCI-dif cult ( , ) 0.0003 DARKFace 15.16 0.408 18.04 0.424 13.81 0.526 19.64 0.510 14.48 0.467 18.84 0.467
SCI* (: y ) 0.0003 LOL 14.82 0.413 17.65 0.437 13.84 0.507 19.02 0.499 14.33 0.460 18.34 0.468
Unsupervised RUAS ( . ) 0.0034 LOL 14.27 0.470 17.10 0.509 16.41 0.500 18.65 0.520 15.34 0.485 17.88 0.514
ZeroDCE* (! s ) 0.0794 LoL 14.50 0.403 18.87 0.467 16.49 0.522 20.99 0.596 15.50 0.463 19.93 0.532
ReLLIE (. ' ) - LoL - - - 18.37 0.641 - - - - - -
PairLIE ( , ) 0.3417 LOL, SICE 16.97 0.498 18.82 0.523 19.51 0.736 23.10 0.752 18.24 0.617 20.96 0.637
Night-Enhancement ( s ) 67.011 LoL 14.24 0.47219.19 0.554 21.52 0.763 24.25 0.781 17.88  0.618 21.72 0.668
CLODE 0.2167 LoL 17.28 0.533 20.60 0.557 19.61 0.718 23.16 0.752 18.44 0.625 21.88 0.655
CLODE y 0.2167 LOL 20.77 0.562 20.94 0.568 23.58 0.754 24.47 0.759 22.18 0.658 22.71 0.664
Table 2:Quantitative results on SICE ( , ) Part2 For a fair comparison, we re-trained

some models on SICE Part 1 and marked them with *. Within the unsupervised approaches, the best
score is displayed ired, the second itblue and the third irblack.

. . Normal GT Mean
Training Method Traindataset pg\p  ggiMe LPIPSY NIQE# BRISQUE#  Pi# Entropy | PSNR  SSIM'
URetinexNet ( . Y [OL, SICE 1215 0708 0393 4250 15633 3372 6026781 0.686
LLFlow* ( , ) SICE 1434 0608 0279 3.643 17011 3481 6.5669.59  0.658
ECLNet ( , ) SICE 13.99 0562 0290 4279 24570  3.520 609196.66  0.690
Supervised  FECNet ( . ) SICE 1425 0600 0291 3.786  17.454  3.025 7/03B.47  0.639
RetinexFormer* ( ,2023) SICE 1912 0570 0369 4452 24768 4573 7028097 0.578
RetinexFormer , 2023) MIT-5K 1323 0564 0263 3.848  17.350 2.863  6.8816.35  0.609
SCl-easy ( . 2022) MIT-5K 987 0486 0372 4276  21.850 3226 6113644 0622
SCl-medium ( ,2022) LOL,LSRW 977 0510 0454 5727 33200 4392 5212583 0574
SCI-dif cult ( ,2022) DarkFace 1113 0577 0324 4636 23620 3107 6.3866.85  0.647
SCI*( , 2022) SICE 1067 0478 0331 4289 23449 3570 6.21317.99  0.675
Unsupervised RUAS* ( ,2021) SICE 912 0408 0539 8097 52923 6.004 51p11552 0531
ZeroDCE ( , 2020) SICE 12.67 0.635 0244 3886  21.630 2821 6516 | 18.85 0.686
PairLIE ( ,2023) LOL,SICE 1339 0619 0305 5268 36536  3.548 6.376 1922  0.663
Night-Enhancement* ( ,2022)  SICE 1318 0581 0360 4.728  33.883  4.18%61 | 19.43  0.660
CLODE SICE 1501 0.687 0239 4050 18663  3.005 7.006 19.64  0.706
CLODEy SICE 1618 0707 0200 4.026 18210 2970 7.045 2155 0.813

4.5 COMPARISON ONCOLOR CASTS

CLODE enhances the image in an unsupervised manner based on the color statistics of the input
image, which can lead to color casts. Nevertheless, CLODE exhibits less color casts compared to

previous unsupervised methods.

In Table 3, we measure the degree of color casts between the output image and the ground-truth
image using the color-matching histogram loss ( , ), which is designed to control
the color of the input image by matching color histogram with the target image. Additionally, we
present the results of color correction performance in the LAB color space uginghy and Egp,
well-established color metrics. For all metrics used in the evaluation, lower values indicate a closer
match to the colors of the ground-truth image. As shown in Table 3, CLODE using the NODE
scenario demonstrates superior performance in terms of naturalness, image quality metrics, and
color-matching histogram loss compared to existing methods. Moreover, the resuEs&f and

Ean con rm that CLODEy achieves the best performance, and CLODE ranks second, implying
that our method leads to less color cast problem and offers superior enhancement effects.

Table 3: Quantitative comparisons on LOL ( , )ISICE ( , ) dataset.
Method NIQEt BRISQUE! color-matching histogram lo8s — Ego0# (. s ) Ea#( s )
SCl-easy ( s ) 7.15/4.28 12.42/21.85 0.4860/0.4788 31.49/27.00 39.21/35.13
SCl-medium ( s ) 7.86/5.73 25.87/33.20 0.4530/0.4911 19.40/27.28 27.28/35.96
SCl-dif cult ( s ) 8.06/4.64 26.82/23.62 0.38540.4872 21.06/24.02 26.09/31.05
RUAS ( s ) 6.30/8.10 11.98/52.92 0.4471/0.5100 16.80/29.18 29.18/38.83
Zero-DCE ( s ) 7.78B9 27.30/21.63 0.4485/0.4647 21.93/21.26 26.60/27.10
CLODE 4.524.05 8.2218.66 0.43810.4606 12.78.7.04 15.7122.39
CLODEy 4.254.03 8.8118.21 0.3848).4462 9.2114.46 11.8619.32

4.6 ABLATION STUDY

Effectiveness of NODE To validate the impact of NODE, we compare curve adjustment in discrete
(w/o NODE) and continuous (w/ NODE) spaces using CLODE's architecture, as shown in Table 4.
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Table 4: Comparative experiments according to using

NODE on LSRW ( , )/LOL ( )
).The "Discrete" refers to performing curve ad-

justment in discrete steps, similar to the conventional

methods ( , ; , ), and
"Continuous" refers to the reformulation of NODE.
Method Case Step\) PSNR SsiM BRISQUE#
(a1) 1 11.19/9.236 0.297/0.362 41.137/41.169
Discrete (01) 5 16.12/17.47 0.419/0.716 31.421/33.042
cl 10 13.94/16.18 0.395/0.520 32.267/32.243 [ . i i i
&uﬁ 20 12.95/14.94 0.373/0.506 33.537/34.941 Figure 5: Trajectories of |n_1pr0ve_ment for (el)
(e1) 30 12.87114.97 037500509 33.537/35.342aNnd (f1) in Table 4. PCA dimension reduction
Continuous  (f1)  30(adaptive) 17.28/19.61 0.533/0.718 18.426/8.220 |5 ysed to visualize the trajectories_
Table 5: Impact of the modules fn. Noise Table 6: Execution time and performance.
Removal and the layer normalization (LN) :
. . . Training Method PSNR/SSIM  #Params (M) Time (S)
signi cantly improve performance. RetinexNet ( ,2018)  1549/0.355  0.4446 0.337
Supervised  LLFlow ( ) ) 17.52/0.509 38.859 0.144
Case\ Noise Removag LNin h ‘ PSNR' SSIM® RetinexFormer (| s ) 17.76/0.517 1.6057 0.072
SCl-medium ( ) ) 15.24/0.424 0.0003 0.001
(a2) 14.72 0.538 RUAS ( ,2021) 14.27/0.470 0.0034 0.006
(b2) 3 15.19 0.489 Unsupervised 28TDCE ( , ) 15.81/0.449 0.0794 0.004
(c2) 3 | 1867 0577 CLoDE. " i%mosss  ozier  o0se
(d2) 3 3 19.61 0.718 CLODE-S 16.97/0.457 0.0004 0.005
In the discrete setting, similar to ( , ), curve parameters are estimated in parallel for

xed steps [1, 5, 10, 20, 30] ((al1)—(el)), while in the continuous setting, parameters are sequentially
estimated for adaptive steps, up to 30 ((f1)). Table 4 shows that the sequential continuous updates
produce more accurate parameters, demonstrating superior performance over the conventional discrete
approach. Additionally, Fig. 5 visualizes latent image trajectories during updates using PCA, revealing
that continuous adjustments ((f1)) converge more accurately than discrete updates ((e1)), highlighting
NODE's contribution to image enhancement. For visualization result on each case and further detailed
explanation on NODE, please refer to Sec. A.1.1 and Fig. 6 of the Appendix.

Effect of the Modules In Table 5, we conduct ablation experiments on the modules used in
ODEfuncf . We verify the effects of the Noise Removal modgland the layer normalization

(LN) in the Curve Parameter Estimation modhleEach module shows performance improvements
compared to the baseline (a2). In particular, our nal model (d2) achieves the largest performance
gain in terms of PSNR/SSIM. Furthermore, case (c2), which includes layer normalization, has about
a 4dB gain in PSNR compared to (a2), which does not include layer normalization. This shows
that during the image enhancement process in NODE, it is essential to use layer normalization to
normalize each state. The visual results can be seen in Fig. 9 of the Appendix.

5 LIMITATIONS

Table 6 presents the PSNR/SSIM performance, parameter count, and execution time measured on
LSRW ( , ) using an NVIDIA RTX 4090. CLODE demonstrates a size advantage over
supervised methods. While its iterative ODE solving takes longer than lightweight unsupervised
models, it achieves comparable speed and performance to supervised approaches. Additionally, a
smaller variant, CLODE-S (Appendix A.1.2), shows promising enhancement with inference times
similar to unsupervised models.

6 CONCLUSIONS

In this work, we address the unsupervised low-light image enhancement problem by reframing
discrete iterative curve-adjustment methods into a continuous space using Neural Ordinary Differ-
ential Equations (NODE). Our proposed CLODE method effectively overcomes the limitations of
existing approaches, demonstrating superior convergence and adaptability in diverse low-light and
multi-exposure scenarios. Additionally, CLODE introduces user-controllability, leveraging NODE's
inherent exibility to deliver customizable brightness adjustments. By incorporating a novel curve-
adjustment framework and offering enhanced interpretability, our method bridges the gap between
unsupervised and supervised approaches, representing a meaningful contribution to the eld.

10
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A APPENDIX

A.1 IMPLEMENT DETAILS

The training set of images is resized to 128x128, we employtherchframework on NVIDIA
A6000 GPU with a batch size of 8. The ADAM optimizer is used with default parameters and a xed
learning rate ofle ° to optimize the parameters of our network. The weights for the loss function
Weol » Wparam » Wspa, Wexp aNdWneise are set to 20, 200, 1, 10 and 1 respectively, to balance the scale
of losses. Furthermore, we addptchdiffeq( , ) for Neural ODEs implementation. The
training process is conducted for 100 epochs.

A.1.1 [IMPLEMENTATION DETAILS OF NODE

Figure 6: Further analysis of CLODE and previous discrete methods as described in Table 4 of main
manuscript.

As mentioned in NODE ( , ), ODE reformulation provides bene ts such as continuous
space estimation, memory ef ciency, and accurate problem-solving with ODE solvers. In Fig. 6, we
describe additional analysis of CLODE. The top of Fig. 6 shows discrete trajectories of models (al) to
(el1) from Table 4, while the bottom shows CLODE trajectories with Euler and dopri5 (corresponding
to Table 4. (f1)) solvers. (Top) Discrete methods (al) to (e1) enhance images but don't achieve optimal
exposure. (Bottom) CLODE (dopri5) provides more realistic image enhancement in continuous
space.

Additionally, the early stop mechanism of the adaptive solver is explained at the bottom of Fig. 6.
CLODE (dopri5) uses an early stop mechanism. It tracks error at each state, terminating when the
error is within allowable error rate. For dopri&;order solutionsk=5) are used to calculate error
( ¢) as follows:

¢ = atol + rtol  norm(jOX  Of 1j); (18)
where thek-order solution at time is denoted a®©X and the(k  1)-order solution is denoted as

Of 1. atol is absolute tolerance, amtbl is relative tolerate, and the norm being used is a mixed
L-in nity/RMS norm.

If jOK OtK 1> | the step size is re-adjusted, or it's withip, the solution is deemed optimal,

and the process terminates. ODE solvers are designed to nd optimal solutions through iterative
steps. The top part of Fig. 6 shows that discrete methods can't guarantee optimal solutions, which
led us to develop the NODE method for continuous ODE problems. Thus, improvements are due
more to NODE reformulation than to iteration count. Table 4 shows that NODE outperforms simple
discrete repetition. For example, using the Euler method in 30 steps achieves better performance than
method (The visual result in Fig. 6 (el) is inferior to CLODE with Euler applied.). We chose dopri5
(Dormand-Prince Runge-Kutta of Order 5) as CLODE's default solver for its stability and reliability
across platforms like MATLAB. The maximum allowed step for the adaptive solver is 86t ta
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Eqg. 18, the relative and absolute tolerances for the error rate calculation are set unifotmly.to
We set bothatol andrtol to 1le-5.

A.1.2 DEeTAILS OF THECLODE ARCHITECTURE

This section presents the architectural details of the CLODE network architecture, with a particular
focus on the ODEfunc module. The Noise Removal modutenploys a simple and lightweight
three-layer convolutional network. In Curve Parameter Estimation mddudeshallow network

with two branches is utilized, wherein lters of varying sizes are employed at each branch to capture
image features across different Iter scales. We also provide architectural details of CLODE-S as
mentioned in Sec. 5 of the main manuscript. This version omits the Noise Removal module for speed
and uses a 2-layer network with 1x1 convolutions.

Figure 7: lllustration of architecture details of (a) modules of ODEfunc in CLODE and (b) ODEfunc
of CLODE-S.

A.2 IMPACT OF EACH LOSSFUNCTIONS

Figure 8: Visual results for the ablation study of each loss function. CLODE combines ve non-
reference loss functions in training for producing optimal enhancement results.

CLODE combines ve non-reference loss functions to train NODE, producing optimal improvements.
We present ablation experiments for each loss function, and the results are presented in Table 7 and
Fig. 8. The results of each image ablation experiment demonstrate that appropriate improvement
results can only be obtained when using CLODE with all loss functions. The characteristics of the
loss function as observed in each ablation are as foll¢{@8) w/oL ey ): Brightness improvement
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Table 7: Ablation study on each non-reference losses. The experiment is evaluated on LOL ( ,

).

Case| Lspa Lexp Lcol Lpaam  Lnose | PSNR  SSIM

@3) | 3 3 3 8.84 0.323
®03) | 3 3 3 14.72  0.566
)| 3 3 3 14.76  0.535
(d3) 3 3 3 18.76  0.580
€3 | 3 3 3 3 18.92 0.582
@) 3 3 3 3 3 19.61 0.718

is not achieved in low-exposure enhancemé(i3) w/o L, ): Severe color distortion occurs in
over-exposure enhancement, damaging structural def@®).w/oL param ): Structural distortion
occurs, creating artifact§(d3) w/o L spa): While showing better results than other experiments, it
occurs loss of structural details compared to (€@3) w/oL noise ): Compared to the proposed
version (f3), it produces improved results with noise present.

A.3 VISUALIZATION OF CURVE PARAMETER MAPA

We provide visual comparison results for the module ablation experiments in Sec. 4.6 of the main
manuscript. In the visual results without Noise Removal module (c2), we can observe the noise in
A. The enhanced result of (c2) usiAgwith noise shows overall color discrepancy compared to
the ground-truth, in contrast to the enhanced result of (d2) where the Noise Removal module are
applied. The enhanced result of (d2) shows robust color similarity with the ground-truth image. We
can con rm that removing noise fok is important for curve-adjustment-based method.

Figure 9: A visual comparison of the results for (c2) and (d2) from Table 5 in the main manuscript.
The enhanced result (d2) usiAgwith noise removal module demonstrates improvement more similar
to the ground-truth.

A.4 CLODE Srep STATISTICS ACROSSEXPOSURECONDITIONS.

In CLODE, the maximum allowable step for the ODE solver is empirically set to 30, considering
speed. The ODE solver terminates early if it nds the optimal solution within the maximum steps.
Furthermore, in order to provide the statistical analysis, the average number of steps for the ODE
solver was calculated across the SICE, BSD100, DIV2K, and LOL datasets. The SICE dataset
comprises ve to seven images per sample, with exposure levels ranging from under-exposed to
over-exposed. Additionally, BSD100 and DIV2K were used to provide additional statistics for
normal-exposed conditions. The results based on the exposure conditions are in Table 8.

Table 8: Step Statistics across exposure conditions

Condition SICE BSD100,DIV2K  LOL
Under-exposed 13.716 - 21.120
Normal-exposed 20.754 28.210 26.400

Over-exposed 18.906 - -

The number of calculation steps increases in the order of under-exposed, over-exposed, and normal-
exposed images. This is because improving a normal-exposed image is considered a stiff problem.
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