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Abstract

Low-light images suffer from severe noise and low illumination. Current deep
learning models that are trained with real-world images have excellent noise
reduction, but a ratio parameter must be chosen manually to complete the en-
hancement pipeline. In this work, we propose an adaptive low-light raw image
enhancement network to avoid parameter-handcrafting and to improve image
quality. The proposed method can be divided into two sub-models: Bright-
ness Prediction (BP) and Exposure Shifting (ES). The former is designed to
control the brightness of the resulting image by estimating a guideline expo-
sure time t 1 . The latter learns to approximate an exposure-shifting operator
ES, converting a low-light image with real exposure time t 0 to a noise-free
image with guideline exposure time t 1 . Additionally, structural similarity
(SSIM) loss and Image Enhancement Vector (IEV) are introduced to promote
image quality, and a new Campus Image Dataset (CID) is proposed to over-
come the limitations of the existing datasets and to supervise the training of
the proposed model. In quantitative tests, it is shown that the proposed method
has the lowest Noise Level Estimation (NLE) score compared with BM3D-based
low-light algorithms, suggesting a superior denoising performance. Furthermore,
those tests illustrate that the proposed method is able to adaptively control the
global image brightness according to the content of the image scene. Lastly, the
potential application in video processing is briefly discussed.
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Abstract: Low-light images suffer from severe noise and low illumination. Cur-
rent deep learning models trained with real-world images exhibit excellent noise
reduction capabilities, but require manual selection of a ratio parameter to com-
plete the enhancement pipeline. In this work, we propose an adaptive low-light
raw image enhancement network to avoid parameter handcrafting and improve
image quality. The proposed method consists of two sub-models: Brightness
Prediction (BP) and Exposure Shifting (ES). The former controls the brightness
of the resulting image by estimating a guideline exposure time t . The latter
learns to approximate an exposure-shifting operator ES, converting a low-light
image with real exposure time t to a noise-free image with guideline exposure
time t . Additionally, structural similarity (SSIM) loss and Image Enhancement
Vector (IEV) are introduced to promote image quality, and a new Campus Im-
age Dataset (CID) is proposed to overcome the limitations of existing datasets
and supervise the training of our model. Quantitative tests demonstrate that
the proposed method achieves the lowest Noise Level Estimation (NLE) score
compared with BM3D-based low-light algorithms, suggesting superior denoising
performance. Furthermore, these tests illustrate that our method can adaptively
control global image brightness according to scene content. Finally, potential
applications in video processing are briefly discussed.

Introduction

Images play an irreplaceable role in industry, military, and entertainment. As
the art of light, obtaining better images in low-light environments has been
extensively studied in the literature. While advanced photography equipment
can help, it comes at considerable cost. Post-processing of low-light images faces
fewer limitations, but remains challenging due to problems such as noise and
color distortion.

Exposure time, ISO (which measures image sensor sensitivity), and aperture are
known as the three pillars of photography. Extended exposure time can easily
solve the low-light problem, but this is often impractical because the camera may
not be fixed or the scene may contain moving objects. Higher ISO introduces
more noise and is not always available on mobile devices. As a flexible solution,
low-light image enhancement provides an alternative for imaging in low-light
environments.

Current low-light image enhancement methods can be generally classified as
follows:
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Classic low-light image enhancement methods without convolutional neural net-
works. Histogram equalization (HE) [1] and gamma correction [2] provide simple
solutions for low-light image processing. Based on Retinex theory [3], Single-
scale Retinex (SSR) [4], Multi-scale Retinex (MSR) [5], SRIE [6], and LIME
[7] were proposed, enhancing low-light images by estimating illumination and
reflectance maps. Dehazing methods [8] can also be applied to this problem by
treating low-light images as inverted hazed images.

With the rapid development of deep neural networks, researchers have com-
bined classic low-light enhancement methods with Convolutional Neural Net-
works (CNNs). Chen et al. proposed Retinex-Net [9] to decompose low-light
images into illumination and reflectance components, using BM3D [10] for de-
noising.

These methods assume low-light images are noise-free or that noise has already
been removed by an additional denoising process. Consequently, when applied to
real-world low-light images, an extra denoising step is required. However, most
low-light images suffer from severe noise, and traditional denoising methods like
BM3D cannot provide satisfactory results. To address image noise, researchers
have also explored deep learning approaches [11-14] for denoising.

Some low-light images are barely visible before post-processing, as they are
captured in extremely dark environments or with very short exposure times. In
this work, we refer to these as extreme low-light images. While classic methods
cannot tackle the severe noise and serious color distortion in these images, we
discovered that with deep learning and raw-format image datasets, satisfactory
results can still be obtained. Chen et al. proposed an end-to-end solution for
raw low-light image enhancement [15], addressing both low-light problems and
denoising in a single model. However, this approach requires an extra brightness
amplification ratio and manual parameter tuning for different scenes, achieving
excellent denoising effects but losing the flexibility and adaptability of classic
methods.

Currently, all datasets available for low-light enhancement models select a longer-
exposed image as the ground-truth during training, heavily relying on the
dataset collector’ s experience to choose exposure parameters such as exposure
time, ISO, and white balance mode. These parameters are usually not optimal
when considering scene content, environmental illumination, etc., which can
lead to undesired trained models.

It is difficult for deep CNNs to learn how we determine the best exposure pa-
rameters for ground-truth images because this process is highly subjective and
lacks specific standards, leading to more problems when multiple collectors are
involved. On the other hand, establishing a baseline for ground-truth selection
is equally difficult. Nevertheless, it is possible to predict how an image varies
when exposure parameters change. We name this process Exposure Shifting
(ES). With a learned ES model, it becomes possible to reversely study what
good exposure parameters (e.g., exposure time) should be for each low-light
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image, utilizing the characteristics of the back-propagation algorithm.
The contributions of our work are summarized as follows:

1) We present the Campus Image Dataset (CID), which contains a variety of
scenes captured with multi-level exposure. CID provides powerful support
for training our data-driven low-light enhancement model.

2) We propose an adaptive two-stage low-light image enhancement model
that provides state-of-the-art low-light noise suppression as well as adap-
tive global brightness control:

o In stage one, a Brightness Prediction Network (BPN) estimates proper
exposure time based on image content and Exif (Exchangeable image file)
metadata. BPN is trained to provide adaptive brightness control during
enhancement and eliminate external parameters required in the Exposure
Shifting stage.

o In stage two, an Exposure Shifting Network (ESN) estimates a longer-
exposed version of the image with target exposure time estimated by BPN.
Moreover, ESN completes image denoising and produces the final RGB
result image.

The rest of the article is organized as follows. The Related Works section re-
views previous research. The Dataset section demonstrates the importance and
advantages of our CID dataset. The Method section details our model, train-
ing procedures, and design concepts. The Experiments section compares our
model with other state-of-the-art methods from multiple perspectives, includ-
ing denoising, adaptive brightness control performance, and computational cost.
Potential extensions to video processing are briefly discussed. The Conclusion
and Discussion section summarizes the advantages and limitations of our model
and presents future research directions.

Related Works

Our proposed method draws inspiration not only from deep neural network
applications but also from classic methods based on histogram equalization,
dehazing, and Retinex models.

2.1 Histogram Equalization Methods

The Histogram Equalization (HE) method is extensively used for digital image
processing. The basic idea is to improve image visibility by transforming the
image histogram into a uniform distribution, which effectively increases image
entropy for low-light images. Reference [16] argues that applying HE can yield a
color-invariant representation. However, HE tends to cause noise amplification,
detail disappearance, and color distortion in low-light image enhancement.

Due to these drawbacks, numerous improvements have been proposed. Adaptive
Histogram Equalization (AHE) [17] and its variation Contrast-limited Adaptive
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Histogram Equalization (CLAHE) [18] perform histogram equalization in re-
gions surrounding each pixel rather than across the entire image. Hue-preserving
color image enhancement [19] focuses on contrast enhancement while preserving
hue, while [20] and [21] address preserving original image luminance.

2.2 Dehazing and Retinex Model-Based Methods

Many low-light enhancement methods are based on dehazing and Retinex mod-
els. It is observed that low-light images and inverted haze images share many
similarities. For this reason, [8] presented a method where low-light images are
inverted, dehazed, and then inverted back. This method was further studied by
[22] and [23].

On the other hand, the Retinex model [3] reveals that a natural image consists
of an illumination map and a reflectance map. With Retinex decomposition and
the assumption that the illumination map is smooth, researchers have proposed
single-scale Retinex [24] and multi-scale Retinex [4]. Based on image fusion, ad-
justments can be applied to the illumination map to improve performance [25].
Reference [26] focused on preserving natural characteristics with a Bright-Pass
filter. In [27], a variational Retinex model was proposed, formulating the illumi-
nation estimation problem as a Quadratic Programming optimization problem.
Reference [28] estimates the illumination map considering local structure, while
[29] focused on revealing structure details from the reflectance map. A recent
study shows that the Retinex model can be combined with the atmospheric
scattering model [30]. More refined models were presented by [31, 32] based on
variational Retinex theory.

However, noise modeling is not well established in these algorithms. Reference
[8] assumes noise is insignificant and can be removed before or after the dehazing
stage. Retinex-based models rely on classic noise reduction algorithms (e.g.,
BM3D) to reduce noise in the reflectance map. Therefore, they can achieve good
results on mild low-light images but tend to amplify noise when processing severe
or extreme low-light images. Besides, the variational Retinex model is very time-
consuming as it requires many iterations to solve optimization objectives, as do
many denoising algorithms, making real-time processing difficult.

2.3 Data-driven Methods

Image denoising and low-light enhancement can be realized through data-driven
approaches, either separately or integrated.

Noise reduction has been extensively studied. Reference [11] discovered that
convolutional neural networks can compete with the state-of-the-art classic de-
noising algorithm BM3D. Data-driven denoising research has been extended by
[14, 33, 34]. Although these works were not targeted at low-light image process-
ing, they provide references for other image processing studies.

The first application of the data-driven method is LLNET [12], which utilizes a
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deep auto-encoder to learn from synthetic low-light image datasets, integrating
denoising into the low-light enhancement process. It was also demonstrated
that Retinex-based methods can be further improved by deep learning [9, 35],
but these works still have undesirable denoising performance because synthetic
datasets cannot reflect the characteristics of real low-light images.

To address the drawbacks of synthetic datasets, a large multi-exposure image
dataset was proposed in [36], but [15] found that models utilizing raw-format
images can provide much better results for low-light enhancement. Reference
[15] suggested that state-of-the-art results can be achieved using raw-format
paired images and end-to-end training. However, since the paired images have
different exposure times, a ratio was introduced as additional input to bridge
the gap. Thus, after training, with no reference to indicate the ratio, [15]
requires manual adjustment for every different image to be enhanced, resulting
in practical drawbacks.

Dataset

For extreme low-light image enhancement, few optional datasets exist. The
Google HDR+ dataset [37] and Darmstadt Noise Dataset [38] avoid the dis-
advantages of synthetic datasets but were mainly collected in environments
with sufficient illumination. The RENOIR [39] and Learning-to-See-In-the-Dark
dataset (SID) [15] provide real low-light image pairs captured by carefully se-
lecting ISO and exposure time for each scene. The Exclusively Dark Dataset
(EDD) [40] is another low-light dataset with object-level annotations targeting
object recognition. However, these datasets cannot satisfy our study’ s needs.

In our work, to adaptively enhance images with different noise levels, we must
consider how exposure parameters impact low-light images. More specifically, as
environmental illumination decreases, low-light images become gradually over-
whelmed by noise and invalid pixels. While it is not flexible to manipulate en-
vironmental illumination, camera exposure time settings can be easily changed
to simulate this illumination shift.

Therefore, we require a dataset containing not just image pairs but multiple
multi-exposed image series, where each series contains low-light images at dif-
ferent levels and one reference image captured in the same scene.

Overall, three conditions must be met for a satisfactory dataset: - Real scenes:
Unlike synthetic images, photos captured in real scenes reflect much more diverse
noise and distortion patterns - Multiple exposure levels: Using numerous multi-
exposed image series to train an adaptive model capable of enhancing low-light
images at different levels - Raw-format images: Most data captured by the
camera sensor is lost in format conversion, and this lost information is essential
for extreme low-light image enhancement

Based on these requirements, we propose our Campus Image Dataset (CID).
CID contains approximately 200 image groups, each consisting of 8 raw images
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with different exposure times shot continuously in the same scene using a tripod
(Fig. 3). Specifically, for each group, an upper exposure time limit was selected
to ensure the first image in the sequence was slightly overexposed, then a lower
limit was chosen to capture an extreme low-light image as the last image in the
sequence, and the gap between limits was filled with 6 additional images. Finally,
the ground-truth image for each group was manually selected, and invalid images
containing only noise due to extremely short exposure were tagged and excluded.
A demonstration of scenes in CID is presented in Fig. 1.

Method
4.1 Method Overview

Most existing methods cannot suppress the severe noise present in extreme low-
light images. Recent studies such as [15] have focused on extreme low-light
enhancement using raw-format images and real-scene datasets in an end-to-end
manner. However, unlike classic methods, the brightness of enhanced images
cannot be automatically controlled in this framework—specifically, an external
ratio must be manually adjusted when the input image lacks a paired reference
image.

Our aim is to enhance extreme low-light images while combining the advantages
of adaptive brightness control and superior denoising performance. We frame
low-light enhancement as a special case of changing exposure time. With t and
t representing exposure times, the low-light image X can be interpreted as a
normal image Y corrupted by a hypothetical exposure-shifting operator ES,
which only alters exposure time while keeping aperture and ISO unchanged:

BX =ES(Y ,t)

In this process, more stochastic noise N is generated by operator ES because
t < t, corresponding to the low PSNR (Peak Signal to Noise Ratio) value in
low-light images. Conversely, the corrupted low-light image can also be restored
by the same operator ES:

Y =ES(X ,t)

The noise N is reduced because t > t, allowing reconstruction of the normal
image "Y .

The latter process, named Exposure Shifting (ES), can enhance low-light images
while suppressing noise. More importantly, it can be learned in a data-driven,
end-to-end manner, thus achieving superior denoising performance. However, a
proper guideline exposure time t must always be provided for reconstruction of
"Y . To make our model adaptive, a Brightness Prediction (BP) procedure is
introduced for guideline time estimation.

In brief, the extreme low-light enhancement process is split into two procedures.
First, for a raw-format low-light image (with real exposure time t ), an opti-
mal guideline exposure time t is estimated via a sub-model called Brightness
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Prediction Network (BPN). Second, the final RGB-format enhanced image is ob-
tained by another sub-model, namely Exposure Shifting Network (ESN), using
the estimated guideline time t to control result brightness.

In addition to the image itself, extra data are involved in both BPN and ESN,
such as white balance index, ISO, t and t . The Image Enhancing Vector (IEV)
is proposed to encode this additional data.

Image Enhancing Vector: Raw image array is the original data captured by
the camera. Other key parameters, such as camera white balance, ISO, expo-
sure time, and date/time, are stored with the raw image array as Exif metadata.
In HDR imaging research [41], exposure time and ISO information have played
essential roles in calculating response curves and LDR-to-HDR conversion. Al-
though it is not necessary to explicitly train the network to learn the camera
response curve, feeding these parameters as network input avoids underfitting
caused by insufficient features.

Image Enhancing Vector (IEV) introduces extra features into convolutional neu-
ral networks. In this paper, IEV consists of ISO (u ), white balance indices for 4
raw image channels (w , w_g, w_b, w_g ), exposure time of the low-light image
t , and guideline exposure time t . Moreover, other Exif metadata can be ap-
pended to IEV to improve network performance when necessary, e.g., aperture
and focal length.

IEV is used as network input in both BPN (for t estimation) and ESN (for
exposure shifting), with a difference. As shown in Fig. 2, in the ES procedure
the IEV can be written as:

V — :V(t,t):(W,W_g,w_b,w_g,u,~--,t,t)

where (w, w_g, w_b, w_g ) are the white balance indices of 4 raw image
channels and u is the ISO value (controlling camera sensitivity).

In the BP procedure, t is removed from IEV. It is renamed partial IEV (pIEV)
to indicate the difference:

p=V{#t)=(w,w_ g w b w g,u, - t)

IEV and pIEV are fed into the convolutional neural network as additional chan-
nels of the raw image array. For example, the first extra channel provided by
IEV is a uniform image filled with pixel value w .

Exposure Shifting: Exposure Shifting (ES) is the second procedure in our
model but is trained first. U-NET [42] is selected as the structure for Exposure
Shifting Network (ESN). Compared with fully convolutional networks, the U-
NET architecture reduces GPU memory usage, enabling easy processing of high-
resolution images.

Recall that the basic unit of our Campus Image Dataset (CID) is an image group,
consisting of 8 raw-format images with different exposure times captured in the
same scene. Let (X_R, Y_R) be paired raw images extracted from one group,
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where Y_ R is the pre-selected ground-truth image and X_R is a randomly
selected low-light image. More specifically, X_R is randomly chosen within the
image group, excluding Y_R and over-exposed images (Fig. 3).

Moreover, the exposure time of X R is denoted as t . The corresponding RGB-
format image of Y_R is denoted as Y, with its exposure time as t_ g.

ESN is expected to learn the exposure-shifting operator ES from numerous
paired images. Specifically, ESN must estimate an image "Y that resembles Y
as closely as possible. In this way, ESN successfully transforms the raw-format
low-light image X_ R into an RGB-format longer-exposed version of itself. More
importantly, the severe noise in X__R can also be removed. This procedure can
be written as:

(cid:16) =F ES"Y©® X R,V - gV —» g=V({t,t =t g) (cid:17)
(cid:12) (cid:12) (cid:12)©

where ESN is denoted as F_ ES and its parameters as © . Note that since the
BP procedure is not yet involved, the guideline exposure time t is replaced by
t_gin IEVV — g The enhanced result image is represented by Y O .

Two metrics guide the training process of the ESN model: Mean Square Error
(MAE) and multi-scale Structural Similarity (SSIM) [43]. The former serves
as a simple but effective indicator evaluating general similarity between the
estimated and ground-truth images. The latter is a perceptual metric more
sensitive to visible structures. Both are full-reference metrics. Let L. MAE be
the MAE loss and L SSIM be the SSIM loss.

The image width and length are denoted as m and n respectively. With subscript
t_ g omitted, the MAE loss L_ MAE and SSIM loss L SSIM are defined as:

L_MAE (cid:16) "Y © ,Y (cid:17) = M AE (cid:16) "Y © , Y (cid:17) (cid:88)
(cid:88) (cid:12) (cid:12) (c¢id:12) "Y © _ij — Y_ij (cid:12) (cid:12) (cid:12)
L_SSIM (cid:16) Y © , Y (cid:17) = 1 — SSIM (cid:16) "Y © , Y (cid:17)
The final MAE loss is the average of the channel MAE loss; for simplicity,
image channels are not presented in the equation. The calculation of multi-
scale structural similarity (SSIM) can be referred to in [43]. With subscript t_g
omitted, the loss function is defined as the linear combination of L. MAE and
L SSIM:

L_ES =L_ES (cid:16) Y © ,Y (cid:17) = (1 — ) L_MAE (cid:16) "Y © ,
Y (cid:17) + L_SSIM (cid:16) "Y © , Y (cid:17) (7)

where is a constant and 0 (cid:54) < 1. The influence of will be discussed
in the Experiments section.

The ESN network parameters © are learned by minimizing L ES over K pairs
of images in the training set:

1 = argmin (cid:88) (cid:16) "Y © _k , Y_k (cid:17)

chinarxiv.org/items/chinaxiv-202004.00026 Machine Translation


https://chinarxiv.org/items/chinaxiv-202004.00026

ChinaRxiv [$X]

The obtained sub-model F__ES approximates the exposure-shifting operator ES.
However, for a low-light image outside the training set, no ground-truth coun-
terpart exists, making the guideline time t in IEV V — absent. This leads to
the Brightness Prediction (BP) sub-model and guideline time estimation.

Brightness Prediction: The Brightness Prediction (BP) procedure provides
estimation of guideline exposure time t :

1 =F_BP (cid:16) X_R, V (cid:17) (cid:12) (cid:12) (cid:12)©

where F__BP and © represent BPN and its parameters respectively. The pIEV
is represented by V. "p = V_p(t ). This is the first enhancement procedure in
our model but is trained after ESN. As illustrated in Fig. 4, the Brightness
Prediction Network (BPN) is a relatively small network consisting of multiple
convolution layers followed by several fully connected layers. Due to the fully
connected layers, the input image X_R width and length should be uniformly
resized to 512 x 512.

With the estimated t “© obtained in this BP procedure, the t_ g item in IEV
from the ES procedure can be replaced by t O . Different from the derivation
in (5), the new final result image can be formulated as:

YO "YO[0x 1=F ES(cid:18) X_R, V — "0 (cid:19) (cid:12) (cid:12)
(cid:12) (cid:12)

An approach to train BPN is then required. To begin, the purpose of BPN is to
control the brightness of the final result image, achieved by adjusting the guiding
exposure time t in the ES procedure. Since image pairs (X_R, Y_R) and their
exposure times (t, t_g) are available, it might seem intuitive that BPN could
simply learn from (X_R, t_g) in an end-to-end manner, with X_R as input
and t_ g as label. However, this cannot be achieved, for reasons discussed in the
next subsection.

The proposed BPN training approach and loss function L_ BP are as follows.
We define the brightness of a single pixel B_ r as the average pixel value across
all color channels. Given a certain dark scene for image capture with fixed ISO,
aperture settings, and scene, pixel brightness is determined solely by exposure
time. Let R be the pixel irradiance in this scene; when camera exposure time t
increases, pixel Exposure E(R, t) increases as well [44]:

E(R, t) = Rt

Thus the pixel becomes brighter. As inspiration, it is feasible to design loss
function L BP based on pixel brightness.

It should be noted that the relationship between pixel brightness B_r(E) and
Exposure E = Rt is not linear. Instead, it is typically described by an S-shaped
curve because pixel brightness is limited within [0, 1] (or [0, 255] for 8-bit image
storage), and the camera sensor is less sensitive to changes in t when pixel values
approach 0 or 1. In other words, as exposure time t changes, some pixels are
not sensitive and exhibit little brightness change compared to other pixels.
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For example, when photographing a street at night, pixels revealing lamp bulbs
are always saturated unless t is extremely small, while pixels representing the
dark sky are always close to zero unless affected by noise. If these pixels are
involved in BPN training, they can cause gradient vanishing in backpropagation
because B_r(E)/t = B_r(E)/ E - R, and as revealed in the S-shaped curve,
B r(E)/ E is close to 0. On the other hand, when pixel brightness B_r is
around 0.5, B_r/ E reaches its maximum. Pixels satisfying this condition can
be collected into an Area of Interest (Aol), which identifies pixels sensitive to
the Exposure Shifting process.

First, in the ground-truth image Y, an Aol weight map W can be obtained
by filtering out pixels with brightness near 0.5. Specifically, the ground-truth
image Y is converted to a single-channel grayscale image Y__ G, then a Gaussian
curve with mean _w = 0.5 and variance 2_w = 0.01 is applied to each pixel
of Y _G:

W_G =exp (cid:33) (Y_G — _w)?

Then W__G is normalized, resulting in the Aol weight map W. The value at
position (i, j) is denoted with subscripts, namely W__G,ij and W__ij:

W_ij = W_G,jj (cid:80) n_j=1 W_G,ij (cid:80)"m, 1 (cid:54) i (cid:54) m, 1
(cid:54) j (cid:54) n

Combining Equation 12 and 13, they can be simplified by the softmax function:
W = softmax (cid:33) (Y_G — _w)?

where 2_v = 0.04 is another variance constant. The image value at position
(i, j) is represented by i, j subscripts. Finally, BPN is trained by optimizing ©
over K pairs of images in the training set:

2 = argmin (cid:88) (cid:16) "Y O |Ox (cid:12) (cid:12)0 ; O« (cid:12) (cid:17)

4.5 Method Summary and Discussion

Algorithm 1 summarizes the training process of our model, together with the
method to evaluate and apply this model.

Algorithm 1: Model training and evaluation

1: Initialize ESN, BPN parameters © and ©

2: Prepare CID dataset

3: function TRAIN(Dataset)

4: for Epoch_Train ESN =1 — E do

5: for Image Pair k =1 — K do

6: Read raw image pairs (X_R)k, Y Rk)and V — g
7: Convert to RGB format. Y_k «+ Y_R,k

8: Compute Y © _k

9: © « argmin_© via Equation 5

10: end for
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11: end for

12: ©x 1+ ©

13: for Epoch_Train. BPN =1 — E do

14: for Image Pair k = 1 — K do

15: Read raw image pair (X_R)k, Y_RXk) and V

16: Compute t kO and "Y © |©x_1

17: Convert to grayscale image. Y_G)k «+ Y_RJk

18: Convert to grayscale image. Y © |Ox_1_Gk + "Y 0 |0x_1
19: Compute W__k via Equation 14

20: © ¢« argmin_©

21: end for

22: end for

23: Ox_2 «+ O

24: return ©x 1, O*_ 2

25: end function

26:

27: function EVALUATE(Image)

28: Read raw-format image X_R

29: Read all elements in V' "p from raw-image file

30: BPN: Compute t "Ox_2 «+ F_BP (cid:16) X_R, V "p (cid:12)0Ox (cid:12)
(cid:17)

31: ESN: Compute "Y Ox_2|0x_ 1 < F_ES (cid:18) X_R, V — (cid:19)
(cid:12) (cid:12) (cid:12) (cid:12)

32: return Y Ox_2|0x_1

33: end function

As mentioned earlier, training BPN with input X_R and label t_ g is straight-
forward but not feasible. First, let Fx be the hypothetical optimal BPN model,
then tx_BP(X_R) is the optimal estimation of guideline exposure time. For
an image-time label pair (X_R, t_g), t_g can be considered a sample from a
Gaussian distribution: t_g N(t*_1(X_R), 2 _c). The variance 2 ¢ in this
process is too large because: - In every CID image group, the ground-truth
image is chosen manually and dominated by subjective human judgment - The
ground-truth image is selected from only 8 candidate images, but the optimal
t*__1 exists somewhere in the time continuum (0, 0o)

Furthermore, the number of samples is very limited since each image group can
only provide one t_ g sample. Consequently, this straightforward approach can-
not be applied to BPN training due to high label variance and limited samples.

Experiments

Limited by GPU memory, we did not adopt Batch Normalization [45] technique.
To accelerate training, before the process started, each channel of the input
image and each element of IEV were normalized along the sample dimension.
The means and variances used in normalization then became invariant constants.
Additionally, training images were randomly cropped into 512 x 512 patches.
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Both ESN and BPN were trained with Adam optimizer [46] following Algorithm
1. ESN was trained first with learning rate slowly descending from 2 x 10 to 1 x
10 . After approximately 300 epochs, when training set loss became stable, ESN
parameters were made untrainable. Then BPN was appended to the training
graph and trained with the same learning rate. Considering BPN may require
global information to determine proper exposure time, we used larger patches
but avoided whole-image training to prevent overfitting. Although loss had
to propagate through the deep ESN before reaching BPN, training proceeded
smoothly and completed after 100 epochs.

5.2 Content-Based Brightness Control

We first highlight the adaptive brightness control feature of our method. Here
we explicitly define brightness as the mean value of an image Y, denoted as
Br(Y). We expect dynamic adjustment of image brightness based on image con-
tent. More specifically, while extreme low-light images suffer from severe noise,
color distortion, and are barely visible before post-processing, mild low-light
images only have moderate noise and relatively lower brightness compared to
normal images. Thus, enhancement algorithms need to make adaptive adjust-
ments for different inputs. Currently, classic methods such as Retinex- and
Dehazing-based algorithms perform poorly on extreme low-light images. Mean-
while, learning-based methods targeting end-to-end denoising can process var-
ious low-light images but lack flexibility and adaptability because they either
require manual brightness amplification tuning or simply serve as a denoising
component in other low-light methods. Our proposed model combines the ad-
vantages of both approaches and can process low-light images at different levels.

To evaluate adaptability, we apply the trained model to enhance all images in
the test set. Recall that the image group is the basic unit of our CID dataset; ac-
cordingly, instead of evaluating single images, we investigate collaborative char-
acteristics across different images within each group. Note that group identity
is NOT involved in model training and only serves as a tag to gather resulting
images for further analysis.

For a sequence of multi-exposed images (X_R,1, X_R,2, --) with increasing
exposure time, we expect enhanced images to possess similar brightness, namely
Br("Y) Br("Y) -, where "Y denotes the enhanced image.

Fig. 5(a) illustrates a busy-road scene. The first row displays RGB images pro-
duced by the camera; the second row shows enhanced results using our method
on individual raw images. Note that the first image in this group is exposed for
1/20 seconds, causing motion blur on the truck, while the last image is exposed
for only 1/100 seconds. All four images have approximately uniform brightness
after enhancement, despite changing t and moving vehicle headlights. Fig. 5(b)
presents our method’ s performance under extreme low-light conditions. The
last image in the sequence suffers from both low environmental illumination
and short exposure, with object colors and shapes drowned out by noise. How-
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ever, the resulting image has reduced noise and maintains acceptable global
brightness.

For quantitative analysis, we gathered images belonging to the same groups
and calculated brightness for all images to observe brightness shifts. Let (Br,
Br, ---)_k be the brightness of each unenhanced low-light image in the k-th
image group, and let (Br , Br , ---)_k be that of the enhanced ones. Then the
mean value and CV (coefficient of variation) of (Br, Br, --) are computed and
denoted as ( , cv)_k; correspondingly, ( , ¢v )_k is calculated from (Br , Br ,
+)_k. In Fig. 8, we plotted (, cv) and ( , cv ) for all groups. To illustrate
changes after enhancement, for each group (, c¢v) (marked with stars) and ( ,
cv ) (marked with circles) are linked with dotted lines.

Fig. 8 shows that for different groups captured from diverse scenes, enhanced
images all achieve increased brightness and significantly reduced CV. Yet bright-
ness growth between groups can vary considerably, ranging from approximately
60% to over 1,000%. Together with Fig. 5, Fig. 8 indicates that the BP
sub-model can adaptively control global image brightness according to not only
original image brightness but also scene content. The dramatic CV reduction
suggests that enhanced images within each group share almost identical bright-
ness despite varying exposure time t . Specifically, our model can control group
brightness CV under 0.29 on 76.3% of test set groups and 98.5% of training
set groups, considering the influence of diverse scenes, illumination conditions,
capture ISO, etc.

When designing our model, we expect BPN to extract scene content features and
estimate a reasonable t accordingly. To clearly understand how this black box
works, Fig. 9 illustrates the relationship between real exposure time t , BPN-
estimated guideline exposure time t, and enhanced image brightness Br("Y).
Similar to Fig. 8, we use group averages to simplify the figure, where each
point corresponds to an image group. As shown in Fig. 9, the network tends to
estimate t positively associated with t . Furthermore, for groups with identical
average t , scene content impacts t prediction. Specifically, if a group’ s scene
contains more relatively bright areas, a smaller t is more likely adopted to
prevent overexposure, and vice versa. A few exceptions exist, suggesting the
BPN sub-model has learned more sophisticated rules within the neural network
black box.

5.3 Denoising Evaluation

We compare our method with four classic and state-of-the-art methods: multi-
scale Retinex (MSR) [5], illumination map estimation based (LIME) [7], deep
Retinex decomposition (Retinex-Net, R-Net) [9], and Learning-to-See-In-the-
Dark (SID) [15]. For fair comparison, 3D transform-domain filtering (BM3D)
[10] is applied to MSR, LIME, and R-Net, as these methods do not model noise
and require extra denoising. Additionally, we train the SID model on the CID
dataset and manually select ratio for SID since it does not provide automatic
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brightness estimation.

Recall that BPN utilizes a reduced-reference evaluation index as its training loss.
In this way, exposure parameters of the ground-truth image, chosen through
highly subjective human judgment, have much less influence on BPN training.
However, as a result of this novel technique, PSNR and SSIM evaluation cannot
be adopted because no reference image exists. We provide perceptual compar-
isons in Fig. 6 and evaluate our method with no-reference quality metrics.

Table 1 compares our method with MSR, LIME, and R-Net (Retinex-Net) using
several no-reference quality metrics: Statistical Noise Level Estimation (SNLE)
[47], Noise Level Estimation (NLE) [48], Noise Variance (NV) [49], and image
entropy. SNLE, NLE, and NV metrics can estimate noise level from a single im-
age, with clean images having relatively smaller values than noisy ones. SNLE
estimates noise variance by observing image eigenvalues, NLE applies principal
component analysis (PCA) on special image patches, and NV is motivated by
the fact that clean and noisy images have different sensitivity to Laplacian oper-
ations. Image entropy reflects the average information amount in an image; it is
the simplest image evaluation metric, and images with proper overall brightness
have larger entropy.

We evaluated approximately 400 CID test images, excluding the SID method
because it requires external manual ratio selection for every image. As shown
in Table 1, our method demonstrates superior performance on Noise Level Es-
timation. Moreover, no-reference metrics use very different standards to assess
image quality. MSR+BM3D, R-Net+BM3D, and LIME+BM3D methods have
undesired scores on one or multiple indices, while our method performs well on
all metrics.

Fig. 6 illustrates that our method and SID provide more significant noise re-
moval improvements than the classic BM3D method and can adaptively denoise
images with diverse noise levels. Furthermore, our results benefit from the white
balance index introduced in IEV and avoid abnormal colors in extreme low-light
images.

However, CNN-based methods tend to blur objects with sharp edges (e.g., text).
By introducing SSIM into the loss function, our method shows more promising
results on images containing text and advantages over SID in preserving edge
information, as seen in the first row of Fig. 6. On the other hand, controlled
experiments in Fig. 7 reveal that the SSIM component ratio in loss function
L__ES must be constrained to avoid noise being interpreted as texture and edges
by ESN.

5.5 Computational Cost

The proposed algorithm was evaluated on ModelArts cloud service equipped
with 8 vCPUs and an Nvidia-P100 GPU (16GB GPU memory). Execution
time for a high-resolution image (3968 x 2976) averages 0.27 seconds, show-
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ing only minor increase compared to the SID algorithm (0.21 seconds). More
specifically, execution times for BPN and ESN sub-models are 0.05 and 0.22
seconds respectively. For comparison, BM3D (GPU implementation [50]) takes
4.32 seconds to complete denoising, making other low-light methods dependent
on BM3D for denoising—including MSR, LIME, R-Net, etc.—much less efficient
on GPU-equipped devices.

Conclusion and Discussion
6.1 Conclusion

This paper proposes an adaptive raw image enhancement model for extreme
low-light image processing. The two-stage framework provides adaptability to
images with different scenes and exposure parameters. We also present the
CID dataset for model training and evaluation. Experimental tests show our
model can provide state-of-the-art low-light image denoising and adaptive global
brightness control.

Our method has many advantages over existing approaches. First, no exter-
nal parameters are needed after model training—a single raw image and its Exif
metadata (e.g., white balance, ISO, exposure time) are sufficient to complete the
process. Therefore, our model can process large batches of raw images without
parameter handcrafting. Second, our model significantly outperforms methods
where denoising works as a separate step, because instead of simply implement-
ing noise-suppression algorithms (e.g., BM3D) before or after the main low-light
enhancement procedure, we integrate denoising as part of our model, allowing
the ESN module to learn exposure shifting and denoising simultaneously in an
end-to-end manner.

Quantitative experiments adopted no-reference image quality metrics including
SNLE, NLE, NV, and image entropy to test denoising performance. Our model
achieves the smallest noise variance on the NLE metric compared to BM3D-
based low-light methods and obtains near-optimal scores on the other three
indices. We also reveal potential applications in low-light video processing.

The BPN module enables our model to process images with diverse exposure
levels, from extreme low-light to mild low-light images. However, for video
processing applications, additional challenges must be addressed—e.g., frame
brightness should change continuously and avoid fluctuation. We experimented
on continuous raw image series; despite using no adjacent frame information,
BPN output changes continuously with illumination conditions and shows no
fluctuation.

6.2 Limitations and Future Works

The proposed model is limited by its dataset, a common problem in data-driven
methods. On one hand, training with raw-format, multi-exposed images signif-
icantly improves image quality. On the other hand, all reference ground-truth
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images are captured in real scenes, sometimes containing minor defects such as
noise, halos around light sources, local over-exposure, and white balance devia-
tion. Denoising performance may be further improved if these drawbacks can
be avoided.

Additionally, CID image groups have not covered enough natural scenes. For
example, green grass and trees tend to have low color saturation in resulting
images because most training set images were collected in winter when few green
plants appear in scenes. For future study, the raw-format CID dataset can be
extended using unprocessing [14] techniques to generate raw-format images from
other available online datasets.

Another limitation is algorithm memory consumption. Batch size is constrained
because training the proposed model requires substantial GPU memory, mak-
ing model training time-consuming on GPUs with limited memory. We plan
to improve network architecture and investigate possibilities for mobile device
applications.

As a future direction, the model can be further modified by introducing HDRI
(High Dynamic Range Imaging). Since our CID dataset comprises multi-exposed
images, we can calculate an HDR image for each scene. These HDR images can
then be used as ground truth for ESN training.
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