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A B S T R A C T

Extremely low-light text images pose significant challenges for scene text detection. Existing methods enhance
these images using low-light image enhancement techniques before text detection. However, they fail to
address the importance of low-level features, which are essential for optimal performance in downstream
scene text tasks. Further research is also limited by the scarcity of extremely low-light text datasets. To
address these limitations, we propose a novel, text-aware extremely low-light image enhancement framework.
Our approach first integrates a Text-Aware Copy-Paste (Text-CP) augmentation method as a preprocessing
step, followed by a dual-encoder–decoder architecture enhanced with Edge-Aware attention modules. We also
introduce text detection and edge reconstruction losses to train the model to generate images with higher
text visibility. Additionally, we propose a Supervised Deep Curve Estimation (Supervised-DCE) model for
synthesizing extremely low-light images, allowing training on publicly available scene text datasets such as
IC15. To further advance this domain, we annotated texts in the extremely low-light See In the Dark (SID) and
ordinary LOw-Light (LOL) datasets. The proposed framework is rigorously tested against various traditional
and deep learning-based methods on the newly labeled SID-Sony-Text, SID-Fuji-Text, LOL-Text, and synthetic
extremely low-light IC15 datasets. Our extensive experiments demonstrate notable improvements in both image
enhancement and scene text tasks, showcasing the model’s efficacy in text detection under extremely low-light
conditions. Code and datasets will be released publicly at https://github.com/chunchet-ng/Text-in-the-Dark.
1. Introduction

Scene text understanding involves extracting text information from
images through text detection and recognition, which is a fundamental
task in computer vision. However, performance drops sharply when
images are captured under low-light conditions. The main difficulty
in detecting text in low-light images is that low-level features, such
as edges and character strokes, are no longer prominent or hardly
visible. On the other hand, enhancing images captured in extremely
low-light conditions poses a greater challenge than ordinary low-light
images due to the higher noise levels and greater information loss. For
instance, we show the difference in darkness level in Fig. 1, where
it is evident that the See In the Dark (SID) datasets [1] are darker
and, in theory, more difficult to enhance than the LOw-Light (LOL)
dataset [2]. Quantitatively, we calculated the PSNR and SSIM values for
two subsets of SID, SID-Sony and SID-Fuji, and LOL by comparing each
image against pure black images in Table 1. Based on each dataset’s
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average perceptual lightness (L* in the CIELAB color space), images in
SID are at least 15 times darker than those in LOL. Hence, low-light
image enhancement is a necessary pre-processing step for scene text
extraction under such conditions.

Over the years, many general or low-light image enhancement mod-
els have been proposed to improve the interpretability and extraction of
information in images by providing better input for subsequent image
content analysis. Early methods [3–5] typically attempted to restore
the statistical properties of low-light images to those of long-exposure
images from a mathematical perspective. On the other hand, deep
learning-based methods [1,2,6,7] aim to learn the mapping between
low-light images and their corresponding long-exposure versions via
regression. To the best of our knowledge, most existing low-light image
enhancement works have not explicitly addressed the restored image
quality in terms of downstream scene text tasks.
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Fig. 1. Comparison of low-light and enhanced text images across different datasets. From left to right: SID-Sony-Text, SID-Fuji-Text, and LOL-Text. Each column shows extremely
low-light images (left) and their enhanced versions (right). The top row displays full images, while the bottom row shows 2x zoomed-in regions highlighted by blue and green
bounding boxes. Extremely low-light images in the SID datasets are significantly darker than those in the LOL dataset, and our model enhances the images to the extent that text
is clearly visible with sharp edges.
Table 1
The difference between the extremely low-light dataset, SID, and the ordinary low-light
dataset, LOL, is shown in terms of PSNR and SSIM values, computed by comparing
short-exposure images against pure black images. Avg. L* is the average perceptual
lightness in the CIELAB color space, calculated based on short-exposure images. Scores
are averaged across training and test sets. Higher PSNR and SSIM values, along with
lower Avg. L*, indicate darker images that are more challenging for image enhancement
and scene text extraction.

Dataset PSNR ↑ SSIM ↑ Avg. L* ↓

SID-Sony [1] 44.350 0.907 0.009
SID-Fuji [1] 41.987 0.820 0.004
LOL [2] 23.892 0.195 0.142

Pure black ∞ 1.000 0.000

Recent advancements in visual attention mechanisms have demon-
strated their effectiveness in identifying and boosting salient features in
images. Channel-only attention [8–10], spatial attention [11,12] or the
subsequent channel-spatial attention [13,14] modules were proposed to
emphasize the most informative areas. However, these methods cannot
preserve texture details, especially fine-grained edge information that is
intuitively needed to enhance extremely low-light images with complex
textures. To overcome this limitation, we introduce Edge-Aware Atten-
tion (Edge-Att). This novel attention module simultaneously performs
channel and spatial attention-based feature learning on high-level im-
age and edge features. Our model also considers text information in
the image through a text-aware loss function. This way, our model can
effectively enhance low-light images while preserving fine-grained edge
information, texture details, and legibility of text.

The scarcity of extremely low-light text datasets presents a hurdle
for further research. To address this, we annotated all text instances
in both the training and testing sets of the SID and LOL datasets,
creating three new low-light text datasets: SID-Sony-Text, SID-Fuji-
Text, and LOL-Text. We then proposed a novel Supervised Deep Curve
Estimation (Supervised-DCE) model to synthesize extremely low-light
scene text images based on the commonly used ICDAR15 (IC15) scene
text dataset. It allows researchers to easily translate naive scene text
datasets into extremely low-light text datasets. In addition to the pre-
viously published conference version of this work [15], we have made
four significant extensions. Firstly, we propose a novel dual encoder–
decoder framework that can achieve superior performance on low-light
scene text tasks (Section 3.1). Secondly, we introduce a new image
synthesis method capable of generating more realistic extremely low-
light text images (Section 4.1). Thirdly, we have further annotated texts
in the Fuji and LOL datasets, thereby forming the largest low-light scene
text datasets to date (Section 5). Fourthly, comprehensive experiments
and analyses are carried out to study the latest methods along with our
proposed methods on all synthetic and real low-light text datasets.
2 
An overview of our extremely low-light image enhancement and
text detection results compared to existing methods is showcased in
Fig. 2. We demonstrate that our proposed method outperforms existing
methods in terms of PSNR and SSIM, while also achieving the highest
H-Mean metric on the SID-Fuji-Text dataset. The main contributions of
our work are as follows:

• We present a novel scene text-aware extremely low-light image
enhancement framework with dual encoders and decoders to
enhance extremely low-light images, especially scene text re-
gions within them. Our proposed method is equipped with Edge-
Aware Attention modules and trained with new Text-Aware Copy-
Paste (Text-CP) augmentation. Our model can restore images in
challenging lighting conditions without losing low-level features.

• We developed a Supervised-DCE model to synthesize extremely
low-light images. This allows us to use existing publicly available
scene text datasets such as IC15 to train our model alongside
genuine ones for scene text research under such extreme lighting
conditions.

• We labeled the texts in the SID-Sony, SID-Fuji, and LOL datasets
and named them SID-Sony-Text, SID-Fuji-Text, and LOL-Text,
respectively. This provides a new perspective for objectively as-
sessing enhanced extremely low-light images through scene text
tasks.

2. Related works

The overall pipeline of the extremely low-light text detection frame-
work is presented in Fig. 3. The process is divided into two steps: first,
image enhancement is performed, followed by text extraction tasks. The
architectural difference between existing low-light image enhancement
methods and our proposed method is also illustrated in Fig. 3.

Low-light Image Enhancement. Retinex theory assumes that an image
can be decomposed into illumination and reflectance. Most Retinex-
based methods enhance results by removing the illumination part [3],
while others such as LIME [4] keep a portion of the illumination
to preserve naturalness. BIMEF [5] further designs a dual-exposure
fusion framework for accurate contrast and lightness enhancement.
RetinexNet [2] combines deep learning and Retinex theory, adjusting
illumination for enhancement after image decomposition. The recent
successes of generative adversarial networks (GANs) [16] have at-
tracted attention from low-light image enhancement because GANs
have proven successful in image translation. Pix2pix [17] and Cycle-
GAN [18] have shown good image-translation results in paired and
unpaired image settings, respectively. To overcome the complexity of
CycleGAN, EnlightenGAN [6] proposed an unsupervised one-path GAN
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Fig. 2. Tradeoff between PSNR (left) and SSIM (right) against the H-Mean of the CRAFT model for our proposed method and other low-light image enhancement methods on the
SID-Fuji-Text dataset.
Fig. 3. Architectural Comparison of Low-Light Image Enhancement Frameworks: The naive extremely low-light image enhancement framework is guided by red arrows. Our
proposed text-aware framework, indicated by green arrows, consists of a dual-encoder–decoder network with Edge-Aware Attention modules. The outputs are used to train the
model to focus on text regions using novel text detection and edge reconstruction losses.
structure. Besides general image translation, [1] proposed learning-
based low-light image enhancement on raw sensor data to replace much
of the traditional image processing pipeline, which tends to perform
poorly on such data. EEMEFN [19] also attempted to enhance images
using multi-exposure raw data that is not always available.

Zero-Reference Deep Curve Estimation (Zero-DCE) [7] designed a
light-weight CNN to estimate pixel-wise high-order curves for dynamic
range adjustment of a given image without needing paired images. [20]
designed a novel Self-Calibrated Illumination (SCI) learning with an
unsupervised training loss to constrain the output at each stage under
the effects of a self-calibrated module. ChebyLighter [21] learns to
estimate an optimal pixel-wise adjustment curve under the paired
setting. Recently, the Transformer [22] architecture has become the de-
facto standard for Natural Language Processing (NLP) tasks. ViT [23]
applied the attention mechanism in the vision task by splitting the
image into tokens before sending it into Transformer. Illumination
Adaptive Transformer (IAT) [24] uses attention queries to represent
and adjust ISP-related parameters. Most existing models enhance im-
ages in the spatial domain. Fourier-based Exposure Correction Network
(FECNet) [25] presents a new perspective for exposure correction with
spatial-frequency interaction and has shown that their model can be
extended to low-light image enhancement.

Scene Text Extraction. Deep neural networks have been widely used
for scene text detection. CRAFT [26] predicts two heatmaps: the char-
acter region score map and the affinity score map. The region score map
localizes individual characters in the image, while the affinity score
map groups each character into a single word instance. Another notable
scene text detection method is Pixel Aggregation Network (PAN) [27]
which is trained to predict text regions, kernels, and similarity vectors.
3 
Both text segmentation models have proven to work well on commonly
used scene text datasets such as IC15 [28] and TotalText [29]. In-
spired by them, we introduced a text detection loss in our proposed
model to focus on scene text regions during extremely low-light image
enhancement. Furthermore, state-of-the-art text recognition methods
such as ASTER [30] and TRBA [31] are known to perform well on
images captured in complex scenarios. ASTER [30] employs a flexible
rectification module to straighten the word images before passing them
to a sequence-to-sequence model with the bi-directional decoder. The
experimental results of ASTER showed that the rectification module
could achieve superior performance on multiple scene text recogni-
tion datasets, including the likes of IC15 and many more. Besides,
TRBA [31] provided interesting insights by breaking down the scene
text recognition framework into four main stages: spatial transforma-
tion, character feature extraction, followed by sequence modeling, and
the prediction of character sequences. Given these methods’ robustness
on difficult texts, they are well-suited to recognize texts from enhanced
low-light images.

3. Extremely low-light text image enhancement

The overall architecture of our network is illustrated in Fig. 4,
which depicts the dual-encoder–decoder design of our model. The first
encoder processes the extremely low-light input image, focusing on
extracting general features such as color, texture, and intensity. The
second encoder is specifically dedicated to extracting edge features,
emphasizing the preservation of text edges and other critical structural
elements. Our proposed Edge-Aware Attention (Edge-Att) module is
pivotal for enhancing text visibility by modulating attention across
different image regions based on edge features.
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Fig. 4. Illustration of the architecture of our proposed framework, designed to enhance extremely low-light images while incorporating scene text awareness. I stands for the
spatial image size.
3.1. Problem formulations

Let 𝑥 ∈ 𝑅𝑊 ×𝐻×3 be a short-exposure image of width 𝑊 and height
𝐻 . An ideal image enhancement expects that a neural network 𝐿𝐸(𝑥; 𝜃)
parameterized by 𝜃 can restore this image to its corresponding long-
exposure image, 𝑦 ∈ 𝑅𝑊 ×𝐻×3, i.e., 𝐿𝐸(𝑥; 𝜃) ≃ 𝑦. However, previous
works normally pursued the lowest per-pixel intensity difference, which
should not be the goal for image enhancement because we usually
expect that some high-level computer vision tasks can work reasonably
well on those enhanced images. For example, in terms of text detection,
the goal of the neural network can be the lowest detection bounding
boxes discrepancy, i.e., 𝐵(𝐿𝐸(𝑥; 𝜃)) ≃ 𝐵(𝑦).

Our novel image enhancement model consists of a U-Net accom-
modating extremely low-light images and edge maps using two inde-
pendent encoders. During model training, instead of channel atten-
tion, the encoded edges guide the spatial attention sub-module in the
proposed Edge-Att to attend to edge pixels related to text representa-
tions. Besides the image enhancement losses, our model incorporates
text detection and edge reconstruction losses into the training pro-
cess. This integration effectively guides the model’s attention towards
text-related features and regions, facilitating improved image textual
content analysis. As a pre-processing step, we introduced a novel
augmentation technique called Text-CP to increase the presence of
non-overlapping and unique text instances in training images, thereby
promoting comprehensive learning of text representations.

3.2. Network design

Our model was inspired by U-Net [1] with some refinements. Firstly,
the network expects heterogeneous inputs, i.e., extremely low-light
images, 𝑥, and the corresponding RCF [32] edge maps, 𝑒. Secondly,
input-edge pairs are handled by two separate encoders with edge-
aware attention modules between them. The attended features are
then bridged with the decoder through skip connections. Finally, our
multi-tasking network predicts the enhanced image, 𝑥′, and the cor-
responding reconstructed edge, 𝑒′. The overall architecture of our
network can be seen in Fig. 4 and modeled as:

𝑥′, 𝑒′ = 𝐿𝐸(𝑥, 𝑒; 𝜃). (1)
4 
3.3. Objectives

Our proposed model is trained to optimize four loss functions. The
first two, Smooth L1 loss and multi-scale SSIM loss focus on enhanc-
ing the overall image quality. The third, text detection loss, targets
the enhancement of scene text regions specifically. The fourth, edge
reconstruction loss, focuses on crucial low-level edge features.

Firstly, we employ smooth L1 loss as the reconstruction loss to better
enforce low-frequency correctness [17] between 𝑥′ and 𝑦 as:

𝑟𝑒𝑐 𝑜𝑛𝑠 =
{

0.5 ⋅ (𝑥′ − 𝑦)2∕𝛿 , if |𝑥′ − 𝑦| < 𝛿
|𝑥′ − 𝑦| − 0.5 ⋅ 𝛿 , otherwise (2)

where we empirically found that 𝛿 = 1 achieved good result. The
authors of Pix2Pix [17] showed that by utilizing L1 loss, the model
can achieve better results as the generated images are less blurry and
proved that L1 loss can better enforce the learning of low-frequency
details, which is also essential for OCR tasks. On the other hand, the
L1 norm is less sensitive to outliers than the L2 norm, thus resulting in
a more robust model towards extreme pixel intensities.

Secondly, the multi-scale SSIM metric was proposed in [33] for
reference-based image quality assessment, focusing on image structure
consistency. An 𝑀-scale SSIM between the enhanced image 𝑥′ and
ground truth image 𝑦 is:

𝑆 𝑆 𝐼 𝑀𝑀 𝑆 (𝑥′, 𝑦) = [𝑙𝑀 (𝑥′, 𝑦)]𝜏 ⋅
𝑀
∏

𝑗=1
[𝑐𝑗 (𝑥′, 𝑦)]𝜙[𝑠𝑗 (𝑥′, 𝑦)]𝜓 , (3)

where 𝑙𝑀 is the luminance at M -scale; 𝑐𝑗 and 𝑠𝑗 represent the contrast
and the structure similarity measures at the 𝑗th scale; 𝜏, 𝜙, and 𝜓 are
parameters to adjust the importance of the three components. Inspired
by [33], we adopted the 𝑀-scale SSIM loss function in our work to
enforce the image structure of 𝑥′ to be close to that of 𝑦:

𝑆 𝑆 𝐼 𝑀𝑀 𝑆 = 1 − 𝑆 𝑆 𝐼 𝑀𝑀 𝑆 (𝑥′, 𝑦). (4)

Thirdly, a well-enhanced extremely low-light image implies that we
could obtain similar text detection results on both the enhanced and
ground truth images. As such, we propose to employ CRAFT [26] to
localize texts in images through its region score heatmap. To implicitly
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Fig. 5. A close-up of the Edge-Aware Attention (Edge-Att) module is provided as follows: (a) A visual representation of our edge decoder, where A and B represent the outputs
from the corresponding convolution blocks (Conv. Block) in Fig. 4, and S denotes the scaling of the image. (b) An illustration of the proposed Edge-Aware Attention module. I
stands for the spatial image size and S is the image scaling factor.
enforce our model to focus on scene text regions, we define the text
detection loss, 𝑡𝑒𝑥𝑡 as:

𝑡𝑒𝑥𝑡 = ‖𝑅(𝑥′) − 𝑅(𝑦)‖1, (5)

where 𝑅(𝑥′) and 𝑅(𝑦) denote the region score heatmaps of the enhanced
and ground truth images, respectively.

Fourthly, the edge reconstruction decoder in our model is designed
to extract edges better, which are essential for text pixels. Fig. 5(a)
shows an overview of the edge decoder. The loss at pixel 𝑖 of detected
edge, 𝑒𝑖, with respect to the ground truth edge, 𝑔𝑖 is defined as:

𝑙(𝑒𝑖) =
{

𝛼 ⋅ 𝑙 𝑜𝑔(1 − 𝑃 (𝑒𝑖)), if 𝑔𝑖 = 0
𝛽 ⋅ 𝑙 𝑜𝑔 𝑃 (𝑒𝑖), if 𝑔𝑖 = 1 (6)

where

𝛼 = 𝜆 ⋅
|

|

𝑌 +
|

|

|𝑌 +
| + |𝑌 −

|

,

𝛽 =
|𝑌 −

|

|𝑌 +
| + |𝑌 −

|

,
(7)

𝑌 + and 𝑌 − denote the positive and negative sample sets, respectively.
𝜆 is set to 1.1 to balance both types of samples. The ground truth edge
is generated using a Canny edge detector [34], and P(𝑒𝑖) is the sigmoid
function. Then, the overall edge reconstruction loss can be formulated
as:

𝑒𝑑 𝑔 𝑒 =
|𝐼|
∑

𝑖=1

𝐽
∑

𝑗=1
𝑙(𝑒𝑗𝑖 ) + 𝑙(𝑒′𝑖), (8)

where 𝑙(𝑒𝑗𝑖 ) is the predicted edge at pixel 𝑖 and level 𝑗. 𝐽 = 3 is the
number of side edge outputs in our model. 𝑒′𝑖 is the final predicted edge
map from the concatenation of side outputs. |𝐼| is the number of pixels
in a cropped image during training.

Finally, the total joint loss function, 𝑡𝑜𝑡𝑎𝑙_𝑒𝑛 of our proposed model
is:

𝑡𝑜𝑡𝑎𝑙_𝑒𝑛 = 𝜔𝑟𝑒𝑐 𝑜𝑛𝑠𝑟𝑒𝑐 𝑜𝑛𝑠+𝜔𝑡𝑒𝑥𝑡𝑡𝑒𝑥𝑡+𝜔𝑆 𝑆 𝐼 𝑀𝑀 𝑆𝑆 𝑆 𝐼 𝑀𝑀 𝑆 +𝜔𝑒𝑑 𝑔 𝑒𝑒𝑑 𝑔 𝑒, (9)

where 𝜔𝑟𝑒𝑐 𝑜𝑛𝑠, 𝜔𝑡𝑒𝑥𝑡, 𝜔𝑆 𝑆 𝐼 𝑀𝑀 𝑆 , and 𝜔𝑒𝑑 𝑔 𝑒 are the weights to address the
importance of each loss term during training.
5 
3.4. Edge-aware attention

Polarized Self-Attention (PSA) [35] is one of the first works to
propose an attention mechanism catered to high-quality pixel-wise
regression tasks. However, we found that the original PSA module
that only considers a single source of feature map for both channel
and spatial attention is ineffective for extremely low-light image en-
hancement. Under low light conditions, the details of content such as
the edges of the texts are barely discernible which is less effective in
guiding the network to attend to spatial details. Therefore, we designed
our Edge-Aware Attention (Edge-Att) module to take in feature maps
from two encoders and process them differently, i.e., the feature maps
of extremely low-light images from the image encoder are attended
channel-wise, whereas the spatial attention submodule attends to fea-
ture maps from the edge encoder. By doing so, we can ensure that
Edge-Att can attend to rich images and edge features simultaneously.
The proposed attention module is illustrated in Fig. 5(b), and further
mathematical details can be found in the supplementary material.

3.5. Text-aware copy-paste augmentation

This work aims to enhance extremely low-light images to improve
text detection and recognition. However, the dataset’s limited number
of text instances could hinder the model’s ability. Although Copy-Paste
Augmentation [36] can increase the number of text instances, overlap-
ping texts introduced by random placement might confuse CRAFT in
text detection loss since CRAFT is not trained to detect such texts. In the
commonly used scene text datasets such as ICDAR15 [28], overlapping
texts are marked as ‘‘do not care’’ regions which are excluded from
models’ training and evaluation. Thus, to adhere to ICDAR’s standard
and to address overlapping text issues, we propose a novel approach
called Text-Aware Copy-Paste Augmentation (Text-CP). Text-CP con-
siders each text box’s location and size by leveraging uniform and
Gaussian distributions derived from the dataset. For a training image 𝑡
of width 𝑤𝑡 and height ℎ𝑡 to be augmented, we initialize a set of labeled
text boxes in the training set as 𝐶, which is:

{ }
𝐶 = (𝑢1, 𝑣1, 𝑤1, ℎ1),… , (𝑢
|𝐶|, 𝑣|𝐶|, 𝑤|𝐶|, ℎ|𝐶|) , (10)
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Fig. 6. Illustration of the Text-Aware Copy-Paste (Text-CP) data augmentation. Compared with the original Copy-Paste, our method generates images with non-overlapping text
instances that allow the detection of texts outside their usual context.
𝑥

where each tuple represents the top left position of a text located at 𝑢𝑘
and 𝑣𝑘 with width, 𝑤𝑘, and height, ℎ𝑘 with 𝑘 representing the index
of the current text’s box in the set. We then sample a target number of
text instances, 𝑛target, from the set of 𝐶 to form 𝐶𝑡, defined as the set
of text boxes to be pasted on that training image, 𝑡. The next step is to
crop and paste the sampled texts without overlapping. For each 𝑐𝑘 ∈ 𝐶𝑡,
we adopt two uniform distributions to model the position of the texts,
̂𝑘 ∼ 𝑈 (0, 𝑤𝑡) and 𝑣̂𝑘 ∼ 𝑈 (0, ℎ𝑡). As for 𝑤𝑘 and ℎ𝑘, they are sampled
from Gaussian distributions as 𝑤̂𝑘 ∼  (𝜇𝑊 , 𝜎2𝑊 ) and ℎ̂𝑘 ∼  (𝜇𝐻 , 𝜎2𝐻 )
where 𝜇 and 𝜎2 are the estimated means and variances of width 𝑊 and
height 𝐻 from all the labeled texts in the training set. We illustrate the
overall data augmentation process of Text-CP and its augmented results
in Fig. 6. The pseudocode of Text-CP is detailed in the supplementary
material.

4. Extremely low-light image synthesis

4.1. Problem formulations

To the best of our knowledge, the research community has not
extensively explored extremely low-light image synthesis, mainly due
to the limited availability of datasets designed explicitly for extremely
low-light scene text. While extremely low-light dataset, SID, and low-
light dataset, LOL, exist, they are not primarily collected with scene
text in mind. This scarcity of dedicated datasets for extremely low-light
scene text poses challenges for evaluating the performance of existing
image enhancement methods in terms of image quality and scene text
metrics. In order to address this issue, we define the extremely low-light
image synthesis problem as follows:

̂ = 𝐿𝑆(𝑦; 𝜃𝑠), (11)

where given a long-exposure image 𝑦, a low-light image synthesis
neural network, 𝐿𝑆(𝑦; 𝜃𝑠) parameterized by 𝜃𝑠, will synthesize a set
of images 𝑥̂, such that 𝐵(𝐿𝑆(𝑦; 𝜃𝑠)) ≃ 𝐵(𝑥). We want the synthesized
extremely low-light images to be as realistic as possible to genuine
low-light images, 𝑥.

Therefore, we introduce a Supervised-DCE model focusing on syn-
thesizing a set of realistic extremely low-light images, enabling existing
image enhancement techniques to leverage publicly available scene text
datasets. Consequently, existing low-light image enhancement methods
can benefit from training with synthetic data to the extent that they can
perform better on the downstream scene text detection task, as detailed
in Section 6.5.
6 
4.2. Network design

Zero-DCE [7] was originally proposed to perform image enhance-
ment through curve estimation. However, its network can only adjust
brightness slightly since the per-pixel trainable curve parameter, 𝛼,
in the quadratic curve limits the pixel variation. The advantage of
performing intensity adjustment in terms of the quadratic curve is that
the pixel range can be better constrained. In this work, we propose a
Supervised-DCE model that learns to provide reconstructable extremely
low-light images with paired short- and long-exposure images. The
framework of our image synthesis network, Supervised-DCE, can be
seen in Fig. 7. Our goal is to push most values closer to zero in the
context of synthesizing extremely low-light images. Accordingly, we
propose a reformulation of the DCE model as follows:

̂ = −(𝐻(𝑦) + 𝑈 (𝑦))𝑦2 + (1 +𝐻(𝑦))𝑦, (12)

where 𝑦 is the input (i.e., long-exposure image); 𝑥̂ is the synthesized
low-light image; 𝐻(𝑦) and 𝑈 (𝑦) are the output of Tanh and ReLU
branches, respectively. By introducing the second 𝑈 (𝑦) branch, we
eliminate the need for iteratively applying the model to produce the
desired output, and drastic intensity adjustment can be done with only
a single iteration.

In the original Zero-DCE model, image enhancement is learned by
setting the exposure value to 0.6 in the exposure control loss. However,
manually setting an exposure value to synthesize extremely low-light
images is too heuristic and inefficient. In our proposed synthesis frame-
work, the overall learning is done by training SID long-exposure images
to be similar to their short-exposure counterparts. In contrast to the
recently proposed LOL Synthetic [37], which is not dark enough and
was not specifically designed for text-aware extremely low-light im-
age enhancement. Our approach aims to replicate the natural loss
of text legibility that occurs in such environments. Most importantly,
these images are synthesized to simulate the text degradation observed
in genuine extremely low-light conditions, making text reconstruc-
tion challenging. Then, the trained model can be used to transform
scene text datasets in the public domain to boost the performance of
extremely low-light image enhancement in terms of text detection.

4.3. Objectives

During extremely low-light image synthesis, we expect the output to
maintain spatial consistency while reducing the overall proximity loss:
𝑝𝑟𝑜𝑥 = ‖𝑥̂ − 𝑥‖1 + 𝑒𝑛𝑡𝑟𝑜𝑝𝑦(𝑥̂, 𝑥) + 𝑠𝑚𝑜𝑜𝑡ℎ𝑛𝑒𝑠𝑠(𝑥̂, 𝑥), (13)
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Fig. 7. Illustration of the proposed Supervised-DCE model for extremely low-light image synthesis. I stands for the spatial image size. Please refer to the respective equations for
further details.
where 𝑥̂ is the synthesized extremely low-light image given the long-
exposure image 𝑦, and 𝑥, is the genuine low-light image, i.e., ground
truth for 𝑥̂. Entropy loss, 𝑒𝑛𝑡𝑟𝑜𝑝𝑦, and smoothness loss, 𝑠𝑚𝑜𝑜𝑡ℎ𝑛𝑒𝑠𝑠 [38],
are also used to encourage the differences to be both sparse and local.
With the introduction of 𝑝𝑟𝑜𝑥, we removed the color constancy loss
of the original Zero-DCE model since color constancy can be enforced
through the supervised loss.

The spatial consistency loss, 𝑠𝑝𝑎 encourages spatial coherence of
the synthesized image by preserving the difference of neighboring
regions between the input image and its synthesized low-light version:

𝑠𝑝𝑎 =
1



∑

𝑖=1

∑

𝑗∈𝜔(𝑖)
(|𝑋̂𝑖 − 𝑋̂𝑗 | − 𝛼𝑠 log10(9|𝑌𝑖 − 𝑌𝑗 | + 1))2, (14)

where  is the number of local regions, and 𝜔(𝑖) is four neighboring
regions (top, down, left, right) centered at region 𝑖. 𝑋̂ and 𝑌 are the
averaged intensity values of local regions of the synthesized images
and the long-exposure images, respectively. We introduced logarithm
operation and 𝛼𝑠 parameter to reduce the large spatial difference of 𝑌
where 𝛼𝑠 is set to 0.05. We set the local region size to 4 × 4, following
the original setting of Zero-DCE.

Besides spatial consistency, we also expect the monotonicity relation
between neighboring pixels to be preserved. To achieve this, we reused
the illumination smoothness loss:

𝑡𝑣𝑍 =
∑

∀𝑐∈𝜉
(|∇𝑥𝑍𝑐

| + |∇𝑦𝑍𝑐
|)2, 𝜉 = {𝑅, 𝐺 , 𝐵} , (15)

where ∇𝑥 and ∇𝑦 are gradient operations on the 𝑥-axis and 𝑦-axis,
respectively. Illumination smoothness loss, 𝑡𝑣𝑍 , is applied on both
𝐻(𝑦) and 𝑈 (𝑦), i.e., the curve parameter maps of the two branches,
respectively, by substituting 𝑍 with 𝐻 and 𝑈 , resulting in 𝑡𝑣𝐻 and
𝑡𝑣𝑈 .

In summary, the overall learning objective, 𝑡𝑜𝑡𝑎𝑙_𝑠𝑦𝑛 to train our
extremely low-light image synthesis network is defined as:

𝑡𝑜𝑡𝑎𝑙_𝑠𝑦𝑛 = 𝜔𝑝𝑟𝑜𝑥𝑝𝑟𝑜𝑥 + 𝜔𝑠𝑝𝑎𝑠𝑝𝑎 + 𝜔𝑡𝑣𝐻𝑡𝑣𝐻 + 𝜔𝑡𝑣𝑈𝑡𝑣𝑈 . (16)

5. New low-light text datasets

In this work, we annotated all text instances in the extremely low-
light dataset, SID [1], and the ordinary low-light dataset, LOL [2].
SID has two subsets: SID-Sony, captured by Sony 𝛼7S II, and SID-Fuji,
captured by Fujifilm X-T2. For this work, we included 878/810 short-
exposure images and 211/176 long-exposure images at a resolution of
4240 × 2832/6000 × 4000 from SID-Sony and SID-Fuji, respectively.
The short-exposure time is 1/30, 1/25, and 1/10, while the corre-
sponding reference (long-exposure) images were captured with 100 to
7 
300 times longer exposure, i.e., 10 to 30 s. In our experiments, we
converted short- and long-exposure SID images to RGB format. The LOL
dataset provides low/normal-light image pairs taken from real scenes
by controlling exposure time and ISO. There are 485 and 15 images at
a resolution of 600 × 400 in the training and test sets, respectively. We
closely annotated text instances in the SID and LOL datasets following
the common IC15 standard. We show some samples in Fig. 8. The
newly annotated datasets are named SID-Sony-Text, SID-Fuji-Text, and
LOL-Text to differentiate them from their low-light counterparts.

IC15 dataset was introduced in the ICDAR 2015 Robust Reading
Competition for incidental scene text detection and recognition. It
contains 1500 scene text images at a resolution of 1280 × 720. In this
study, IC15 is primarily used to synthesize extremely low-light scene
text images. Detailed statistics of the text annotations for SID-Sony-
Text, SID-Fuji-Text, LOL-Text, and IC15 are shown in Table 2, where
we included the statistics for long-exposure images only for the sake of
brevity. In this table, we also report relevant statistics of the mean and
standard deviation of labeled texts’ width and height to be used by the
proposed Text-Aware Copy-Paste augmentation. The text annotations
for SID-Sony-Text, SID-Fuji-Text, and LOL-Text datasets will be released
at https://github.com/chunchet-ng/Text-in-the-Dark.

Moreover, we synthesized extremely low-light images based on IC15
by using U-Net and our proposed Supervised-DCE model, respectively.
To study the difference between these two variations of image syn-
thesis methods, we generated a total of four sets of images by using
the aforementioned two models trained on SID-Sony and SID-Fuji,
individually. Naming convention of such synthetic datasets follows
the format of “{Syn-IC15}-{Sony/Fuji}-{v1/v2}”. “{Sony/Fuji}” is an
indication of which dataset the image synthesis model is trained on,
while “{v1/v2}” differentiates the image synthesis models where v1 is
U-Net and v2 is our proposed Supervised-DCE model. For instance, the
synthetic images generated by a U-Net trained on SID-Sony and SID-
Fuji, are named Syn-IC15-Sony-v1 and Syn-IC15-Fuji-v1. And, synthetic
images generated by our proposed Supervised-DCE model are denoted
as Syn-IC15-Sony-v2 and Syn-IC15-Fuji-v2.

6. Experimental results

6.1. Experiment setup

Datasets and Metrics. All low-light image enhancement methods are
trained and tested on the datasets detailed in Section 5. They are
then evaluated in terms of intensity metrics (PSNR, SSIM), perceptual
similarity (LPIPS), and text detection (H-Mean). For the SID-Sony-Text,
SID-Fuji-Text, and LOL-Text datasets, which are annotated with text
bounding boxes only, we used well-known and commonly used scene

https://github.com/chunchet-ng/Text-in-the-Dark
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Table 2
Statistics reported based on long-exposure images for all datasets. GT Img. stands for ground truth image count, where Leg.
and Illeg. stand for legible and illegible text count, respectively.
Dataset Training set Testing set

GT Img. Leg. Illeg. 𝜇𝑊 𝜇𝐻 𝜎𝑊 𝜎𝐻 GT Img. Leg. Illeg.

SID-Sony-Text 161 5937 2128 79.270 34.122 123.635 50.920 50 611 359
SID-Fuji-Text 135 6213 4534 128.579 57.787 183.199 68.466 41 1018 1083
LOL-Text 485 613 1423 23.017 14.011 21.105 17.542 15 28 45
IC15 1000 4468 7418 78.410 29.991 55.947 24.183 500 2077 3153
Fig. 8. Green boxes represent legible texts, and blue boxes represent illegible texts.
text detectors (CRAFT [26] and PAN [27]) to analyze the enhanced
images. For IC15, which provides both text detection and text recog-
nition labels, we conducted a two-stage text spotting experiment using
the aforementioned text detectors (CRAFT, PAN) and two robust text
recognizers (TRBA [31] and ASTER [30]) on the synthesized IC15 im-
ages after enhancement. The metric for text spotting is case-insensitive
word accuracy.

Implementation Details. We trained our image enhancement model
for 4000 epochs using the Adam optimizer [39] with a batch size
of 2. The initial learning rate is set to 1𝑒−4 and decreased to 1𝑒−5
after 2000 epochs. At each training iteration, we randomly cropped a
512 × 512 patch with at least one labeled text box inside and applied
random flipping and image transpose as data augmentation strate-
gies. The weightings of each loss term, i.e., 𝜔𝑟𝑒𝑐 𝑜𝑛𝑠, 𝜔𝑡𝑒𝑥𝑡, 𝜔𝑆 𝑆 𝐼 𝑀𝑀 𝑆 ,
and 𝜔𝑒𝑑 𝑔 𝑒, were empirically set to 0.2125, 0.425, 0.15, and 0.2125
respectively, following the work of ELIE_STR [15]. For other image
enhancement methods, we re-trained them on all datasets using the best
set of hyperparameters specified in their respective code repositories or
papers.

As for the Supervised-DCE model, we used a batch size of 8 and
trained for 200 epochs using the Adam optimizer with default param-
eters and a fixed learning rate of 1𝑒−4. It was trained on 256 × 256
image patches with loss weightings of 𝜔𝑝𝑟𝑜𝑥, 𝜔𝑠𝑝𝑎, 𝜔𝑡𝑣𝐴 and 𝜔𝑡𝑣𝐵 , set to
1, 20, 10, and 10 respectively.

6.2. Results on SID-sony-text and SID-fuji-text datasets

Our model’s performance is demonstrated in Table 3, achieving
the highest H-Mean scores on all datasets with CRAFT and PAN.
Following [15], we illustrate the CRAFT text detection results on
SID-Sony-Text in Fig. 9. Qualitative results of existing methods on
SID-Fuji-Text are presented in the supplementary material. The ef-
fectiveness of our model in enhancing extremely low-light images to
a level where text can be accurately detected is readily apparent.
In Fig. 9, only the images enhanced by our proposed model yield
accurate text detection results. On the other hand, existing methods
generally produce noisier images, resulting in inferior text detection
results. While GAN-enhanced images tend to be less noisy, the text
regions are blurry, making text detection challenging. Moreover, our
model achieves the highest PSNR and SSIM scores on both SID-Sony-
Text and SID-Fuji-Text datasets, showing that our enhanced images
are the closest to the image quality of ground truth images. In short,
better text detection is achieved on our enhanced images through the
improvement of overall image quality and preservation of fine details
within text regions.
8 
6.3. Results on LOL-text dataset

To demonstrate the effectiveness of our model in enhancing low-
light images with varying levels of darkness, we conducted experiments
on the widely used LOL dataset, which is relatively brighter than
the SID dataset, as depicted in Table 1. Interestingly, we found that
our enhanced images achieved the best detection results on LOL-Text
among existing methods, as shown in Table 3. Surprisingly, despite
the lower resolution (600 × 400) of the images in LOL, our method’s
enhanced images with sharper and crisper low-level details surpassed
the ground truth images’ H-Mean scores. Qualitative results on the LOL-
Text dataset are illustrated in the supplementary material. Although
certain methods yielded output images with acceptable image quality
(i.e., bright images without color shift), their text detection results were
inferior to ours. It is worth noting that the LPIPS metric, designed to
assess perceptual image quality, has shown less improvement compared
to other metrics in the LOL dataset. This can be attributed to several
factors inherent to the nature of low-light image enhancement. For
example, images in LOL are at least 15 times brighter than those in
SID (in terms of L* in the CIELAB color space), leading to limited room
for improvement. Additionally, since our method prioritizes text clarity
and legibility, our model might favor sharper text features at the cost of
compromising other image details. Furthermore, our superior results on
the LOL-Text dataset emphasize our method’s ability to generalize well
on both ordinary and extremely low-light images, effectively enhancing
a broader range of low-light images while making the text clearly
visible.

6.4. Effectiveness of the proposed supervised-DCE model

The goal of image synthesis in our work is to translate images
captured in well-illuminated scenarios to extremely low light. In this
work, we choose the commonly used IC15 scene text dataset as our
main synthesis target. The synthesized dataset then serves as additional
data to train better scene text-aware image enhancement models, which
are studied in Section 6.5.

Intuitively, realistic synthesized images should possess similar char-
acteristics to genuine extremely low-light images. To verify the effec-
tiveness of our synthesis model, we compared our proposed Supervised-
DCE model (v2) with the U-Net proposed in SID [1] (v1). Specifically,
we trained the synthesizing models on the training set and synthesized
the images based on the corresponding test set. Then, we calculated the
PSNR and SSIM of the synthesized images by comparing them with the



C.-T. Lin et al. Signal Processing: Image Communication 130 (2025) 117222 
Fig. 9. Comparison with state-of-the-art methods on the SID-Sony-Text dataset is shown in the following manner: for each column, the first row displays enhanced images marked
with blue boxes as regions of interest. The second row displays zoomed-in regions of enhanced images overlaid with red text detection boxes from CRAFT [26]. Column 9(a)
displays the low-light image. Columns 9(b) to 9(o) show image enhancement results from all related methods. The last cell displays ground truth images.
genuine ones along with the average perceptual lightness in CIELAB
color space. The comparison was made on two SID datasets, SID-Sony
and SID-Fuji.

In Table 4, we show that v2’s PSNR and SSIM are higher than
v1’s, indicating higher similarity between our synthesized and gen-
uine images. Our new method (v2) also exhibits closer Avg. L* val-
ues and H-Mean scores to the genuine images than v1, indicating
darker and more accurate deterioration of fine text details. In addi-
tion, qualitative results for the proposed Supervised-DCE model and
results of synthetic IC15 datasets including Syn-IC15-Sony-v1, Syn-
IC15-Sony-v2, Syn-IC15-Fuji-v1, and Syn-IC15-Fuji-v2 are presented in
the supplementary material for comprehensive analyses.

6.5. Results on training with mixed datasets

We trained top-performing models from Section 6.2 using a mixture
of genuine (SID) and synthetic low-light (IC15) datasets to test whether
extremely low-light image enhancement can benefit from synthesized
images. The trained models were evaluated on their respective genuine
9 
low-light datasets. Results in Table 5 showed a significant increase in
H-Mean, and we found that both versions (v1 and v2) can fill the gap
caused by the scarcity of genuine low-light images. This justifies the
creation of a synthetic IC15 dataset for such a purpose. Furthermore,
v2-images, i.e., extremely low-light images synthesized by our proposed
Supervised-DCE, further pushed the limit of H-mean scores on genuine
extremely low-light images, and our enhancement model benefited the
most because it could learn more from text instances and reconstruct
necessary details to represent texts. Despite our method’s success, a
noticeable gap exists between our results and the ground truth, empha-
sizing the need for further research and development to achieve even
more accurate and reliable scene text extraction in low-light conditions.

6.6. Ablation study of proposed modules

To understand the effect of each component of our model, we
conducted several ablation experiments by either adding or removing
them one at a time. Results are presented in Table 6. The baseline was
a plain U-Net without any proposed modules. We initiated the ablation
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Table 3
Quantitative results of PSNR, SSIM, LPIPS, and text detection H-Mean for low-light image enhancement methods on SID-Sony-Text, SID-Fuji-Text,
and LOL-Text datasets. Please note that TRAD, ZSL, UL, and SL stand for traditional methods, zero-shot learning, unsupervised learning, and
supervised learning respectively. Scores in bold are the best of all.

Type Method Image Quality H-Mean

PSNR ↑ SSIM ↑ LPIPS ↓ CRAFT ↑ PAN ↑

SID-Sony-Text

Input – – – 0.057 0.026

TRAD LIME [4] 13.870 0.135 0.873 0.127 0.057
BIMEF [5] 12.870 0.110 0.808 0.136 0.079

ZSL
Zero-DCE [7] 10.495 0.080 0.999 0.196 0.157
Zero-DCE++ [40] 12.368 0.076 0.982 0.218 0.162
SCI [20] 11.814 0.100 1.000 0.201 0.151

UL CycleGAN [18] 15.340 0.453 0.832 0.090 0.053
EnlightenGAN [6] 14.590 0.426 0.793 0.146 0.075

SL

RetinexNet [2] 15.490 0.368 0.785 0.115 0.040
Pix2Pix [17] 21.070 0.662 0.837 0.266 0.190
ChebyLighter [21] 15.418 0.381 0.787 0.260 0.184
FECNet [25] 22.575 0.648 0.788 0.245 0.188
IAT [24] 19.234 0.562 0.778 0.244 0.176
ELIE_STR [15] 25.507 0.716 0.789 0.324 0.266
Ours 25.596 0.751 0.751 0.368 0.298

GT – – – 0.842 0.661

SID-Fuji-Text

Input – – – 0.048 0.005

ZSL
Zero-DCE [7] 8.992 0.035 1.228 0.249 0.061
Zero-DCE++ [40] 11.539 0.047 1.066 0.262 0.077
SCI [20] 10.301 0.056 1.130 0.300 0.073

UL CycleGAN [18] 17.832 0.565 0.735 0.277 0.191
EnlightenGAN [6] 18.834 0.572 0.822 0.310 0.277

SL

Pix2Pix [17] 19.601 0.599 0.803 0.353 0.296
ChebyLighter [21] 20.313 0.616 0.791 0.412 0.318
FECNet [25] 18.863 0.365 0.829 0.382 0.185
IAT [24] 19.647 0.537 0.844 0.445 0.277
ELIE_STR [15] 19.816 0.614 0.801 0.426 0.333
Ours 21.880 0.649 0.788 0.487 0.356

GT – – – 0.775 0.697

LOL-Text

Input – – – 0.333 0.133

ZSL
Zero-DCE [7] 14.928 0.587 0.328 0.421 0.229
Zero-DCE++ [40] 15.829 0.537 0.408 0.389 0.242
SCI [20] 14.835 0.549 0.335 0.421 0.171

UL CycleGAN [18] 19.826 0.734 0.288 0.250 0.133
EnlightenGAN [6] 15.800 0.654 0.300 0.343 0.125

SL

Pix2Pix [17] 20.581 0.771 0.247 0.353 0.129
ChebyLighter [21] 19.820 0.769 0.199 0.353 0.176
FECNet [25] 20.432 0.787 0.231 0.378 0.229
IAT [24] 20.437 0.772 0.234 0.421 0.188
ELIE_STR [15] 19.782 0.824 0.167 0.462 0.235
Ours 21.330 0.828 0.163 0.474 0.294

GT – – – 0.439 0.205
M
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Table 4
The difference between genuine extremely low-light dataset, SID, and synthetic ex-
tremely low-light images generated using U-Net (v1) and Supervised-DCE (v2). Please
note that synthetic images’ PSNR and SSIM values are based on a comparison against
genuine low-light images in the test set instead of pure black images calculated in
Table 1. Additionally, we can notice that v2-images are more realistic and darker,
imilar to genuine extremely low-light images due to their higher values of PSNR and
SIM, along with closer Avg. L*.
Dataset PSNR SSIM Avg. L* CRAFT PAN

Syn-SID-Sony-v1 41.095 0.809 0.176 0.294 0.083
Syn-SID-Sony-v2 45.442 0.942 0.003 0.135 0.014

Genuine SID-Sony – – 0.008 0.057 0.026

Syn-SID-Fuji-v1 39.187 0.784 0.172 0.402 0.042
Syn-SID-Fuji-v2 41.881 0.863 0.002 0.093 0.002

Genuine SID-Fuji – – 0.004 0.048 0.005
10 
study by adding Text-CP data augmentation, which improved CRAFT H-
ean from 0.283 to 0.304, indicating that involving more text instances

during training is relevant to text-aware image enhancement for models
to learn text representation. Moreover, scores increased steadily by
gradually stacking the baseline with more modules. For instance, with
the help of the dual encoder structure and Edge-Att module in our
proposed framework, CRAFT H-Mean increased from 0.304 to 0.342.

his shows that they can extract image features better and attend to
dges that shape texts in enhanced images. The edge reconstruction
oss calculated based on predictions from the edge decoder helped
trengthen the learning of edge features and empowered encoders in
ur model. Interestingly, we found that removing one of the two most
epresentative modules (i.e., dual encoder or Edge-Att module) led to
ignificant differences in H-Mean because these two modules’ designs
llow them to extract and attend to significant image features inde-
endently. We concluded the experiment by showing that combining

all proposed modules led to the highest scores, as each module played

an integral role in our final network. Further analysis of Edge-Att
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Table 5
Text detection H-Mean on genuine extremely low-light datasets when trained on a combination of genuine and synthetic datasets. Scores in
bold are the best of all.
Type Method SID-Sony-Text +

Syn-IC15-Sony-v1
SID-Sony-Text +
Syn-IC15-Sony-v2

SID-Fuji-Text +
Syn-IC15-Fuji-v1

SID-Fuji-Text +
Syn-IC15-Fuji-v2

CRAFT ↑ PAN ↑ CRAFT ↑ PAN ↑ CRAFT ↑ PAN ↑ CRAFT ↑ PAN ↑

Input 0.057 0.026 0.057 0.026 0.048 0.005 0.048 0.005

ZSL Zero-DCE++ [40] 0.230 0.159 0.242 0.153 0.274 0.080 0.281 0.076
SCI [20] 0.240 0.154 0.243 0.160 0.307 0.076 0.313 0.084

UL CycleGAN [18] 0.180 0.071 0.219 0.143 0.297 0.284 0.310 0.277
EnlightenGAN [6] 0.205 0.146 0.237 0.163 0.329 0.246 0.342 0.282

SL ELIE_STR [15] 0.348 0.278 0.361 0.296 0.444 0.359 0.466 0.375
Ours 0.383 0.311 0.395 0.319 0.515 0.392 0.549 0.416

GT 0.842 0.661 0.842 0.661 0.775 0.697 0.775 0.697
Table 6
Ablation study of proposed modules in terms of PSNR, SSIM, LPIPS, and text detection H-Mean on the SID-Sony-Text dataset. Scores in bold
are the best of all.
Proposed modules Image quality H-Mean

Text-CP Dual encoder Edge-Att Edge decoder PSNR ↑ SSIM ↑ LPIPS ↓ CRAFT ↑ PAN ↑

– – – – 21.847 0.698 0.783 0.283 0.205
✓ – – – 21.263 0.658 0.771 0.304 0.252
✓ ✓ – – 20.597 0.655 0.780 0.335 0.261
✓ ✓ ✓ – 21.440 0.669 0.776 0.342 0.256
✓ ✓ – ✓ 21.588 0.674 0.779 0.353 0.285
✓ – ✓ ✓ 23.074 0.712 0.783 0.350 0.281
– ✓ ✓ ✓ 24.192 0.738 0.784 0.356 0.292
✓ ✓ ✓ ✓ 25.596 0.751 0.751 0.368 0.298
a

and Text-CP are included in the supplementary material to study their
effectiveness as compared to the original versions.

7. Conclusion

This paper proposes a novel extremely low-light image enhance-
ment model focusing on text regions. By leveraging the proposed
Text-Aware Copy-Paste augmentation and a dual-encoder–decoder ar-
chitecture equipped with Edge-Aware attention modules, our method
ubstantially improves image quality in extremely low-light scenar-
os. The introduction of text detection and edge reconstruction losses
nables our model to produce images with a focus on scene text
egions that support downstream scene text tasks more effectively.
oreover, our proposed Supervised-DCE model facilitates better syn-

hetic extremely low-light text image generation, enhancing the overall
erformance of our framework on public scene text datasets like IC15.
hrough comprehensive evaluations against state-of-the-art methods on
atasets such as SID-Sony-Text, SID-Fuji-Text, LOL-Text, and synthetic
C15, our results consistently indicate the effectiveness of our model in
nhancing extremely low-light images and extracting text. This work
ot only advances research in extremely low-light text image enhance-

ment but also establishes a robust foundation for future research in the
linkage of visual and textual image enhancement.
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