HVI: A New Color Space for Low-light Image Enhancement
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Abstract

Low-Light Image Enhancement (LLIE) is a crucial computer
vision task that aims to restore detailed visual information
from corrupted low-light images. Many existing LLIE meth-
ods are based on standard RGB (sRGB) space, which often
produce color bias and brightness artifacts due to inherent
high color sensitivity in SRGB. While converting the images
using Hue, Saturation and Value (HSV) color space helps
resolve the brightness issue, it introduces significant red and
black noise artifacts. To address this issue, we propose a new
color space for LLIE, namely Horizontal/Vertical-Intensity
(HVI), defined by polarized HS maps and learnable inten-
sity. The former enforces small distances for red coordinates
to remove the red artifacts, while the latter compresses the
low-light regions to remove the black artifacts. To fully lever-
age the chromatic and intensity information, a novel Color
and Intensity Decoupling Network (CIDNet) is further in-
troduced to learn accurate photometric mapping function
under different lighting conditions in the HVI space. Com-
prehensive results from benchmark and ablation experiments
show that the proposed HVI color space with CIDNet out-
performs the state-of-the-art methods on 10 datasets. The
code is available at https://github.com/Fediory/HVI-CIDNet.

1. Introduction

Under low-light conditions, imaging sensors often cap-
ture weak light signals with severe noise, resulting in poor
visual quality for low-light images. Obtaining high-quality
images from such degraded images necessitates Low-Light
Image Enhancement (LLIE) that aims at improving the im-
age brightness while simultaneously reducing the impact of
noise and color bias [24].

The majority of existing LLIE approaches [10, 15, 18, 35,
51, 55] focus on finding an appropriate image brightness,
which is typically done by employing deep neural networks
to learn a mapping relationship between low-light images
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and normal-light images within the standard RGB (sRGB)
space. However, the image brightness exhibits a strong
coupling with the color from the three SRGB channels, a.k.a.
high color sensitivity in [9, 23], causing an obvious color
distortion of the restored image in these LLIE methods [3,
18], as shown in Fig. | (a).

Inspired by Kubelka-Munk theory [9], recent methods
[25, 52, 56] have sought to transform images from the sSRGB
color space to the Hue, Saturation and Value (HSV) color
space. These methods help achieve the brightness enhance-
ment more accurately, but they amplify local color space
noise [9], introducing severe artifacts in the results. As il-
lustrated in Fig. 1 (b), the transformation from sRGB to the
HSV disrupts the continuity of the red (D Red Discontinuity
Noise) and black (@ Black Plane Noise) color, resulting in
increased Euclidean distances for similar color and the in-
troduction of artifacts in the final images (see the zoomed
in images of @ and @). These two types of noise can cause
severe artifacts in the enhancement of red-dominated or ex-
tremely dark images.

To address these issues, we introduce a new color space
named Horizontal/Vertical-Intensity (HVI), designed specif-
ically for the LLIE task. The key intuition is that minimizing
color space noise, by reducing Euclidean distances in similar
colors. To this end, we polarize in the Hue and Saturation
(HS) plane to enforce smaller distances for similar red point
coordinates, which eliminates the red discontinuity noise
in the primary HSV space (see Fig. | (c)). For the black
plane noise issue, we introduce a trainable darkness density
parameter k£ and its corresponding adaptive intensity col-
lapse function C, which compresses the radius of low-light
regions to zero, with the flexibility to gradually expand to
the value of one as the intensity increases, as illustrated in
Fig. 1 (d). This helps remove the black noise artifacts while
maintaining the primary image appearance.

We further propose an LLIE network, named Color and
Intensity Decoupling Network (CIDNet), to leverage the
chromatic and intensity information for optimizing the color
and intensity in the HVI space. After transforming the im-
age into the HVI space, CIDNet leverages two network



Figure 1. The top row illustrates the process of transforming images from the SRGB color space, via HSV, to the HVI color space. The
bottom row presents the corresponding test results. The sSRGB color space is known for its high color sensitivity, often causing color
distortions in test images. By decoupling brightness and color to obtain the HSV color space, the illumination enhancement appears
normalized. However, this transformation introduces varying levels of red discontinuities and black regions, which subsequently cause
artifacts in the enhanced images. Introducing polarization to HSV ensures continuity in the red regions. Introducing a learnable intensity
function Cy, on the other hand, helps collapse the black regions, yielding the HVI color space with optimal image enhancement.

branches, namely HV-branch and intensity-branch, to respec-
tively model decoupled color and brightness information
for learning accurate photometric mapping under different
lighting conditions and restoring more natural colors.

Our contributions can be summarized as follows:
We introduce a new HVI color space for the LLIE task,
which is uniquely defined by polarized HS and trainable
intensity. This offers an effective tool that eliminates the
color space noise arising from the HSV space, largely
enhancing the brightness of the low-light images.
We further propose a novel LLIE-baseline network, CID-
Net, to concurrently model the intensity and chromatic
of low-light images in the HVI space. Despite be-
ing lightweight and computationally-efficient with rela-
tively small parameters (1.88M) and computational loads
(7.57GFLQPs), it enables the learning of accurate photo-
metric mapping under different lighting conditions.
Comprehensive results from quantitative and qualitative
experiments show that our approach outperforms various
types of state-of-the-art (SOTA) methods on different met-
rics across 10 datasets.

2. Related Work
2.1. Low-Light Image Enhancement

Single-stage Methods. Single-stage deep learning ap-
proaches [3, 5, 13, 18, 26, 51] has been widely used in LLIE.
Existing methods propose distinct solutions to address the
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aforementioned issues. For instance, RetinexNet [43] en-
hances images by decoupling illumination and reflectance
based on Retinex theory. Bread [11] decouples the entan-
glement of noise and color distortion by using YCbCr color
space. Furthermore, they designed a color adaption network
to tackle the color distortion issue left in light-enhanced
images. Still, RetinexNet and Bread can show inaccurate
control in terms of brightness and biased color in black areas.

Diffusion-based Methods. With the advancement of
Denoising Diffusion Probabilistic Models (DDPMs) [14],
diffusion-based generative models have achieved remarkable
results in the LLIE task. It has shown the capability to
generate more accurate and appropriate images. However,
they still exhibit issues such as local overexposure or color
shift. Recent LLIE diffusion methods have attempted to
address these challenges by incorporating global supervised
brightness correction or employing local color correctors [6,
16, 17,40, 45, 54]. Other methods such as Diff-Retinex [48]
rethink the retinex theory with a diffusion-based model in the
LLIE task, aiming to decomposed an image to illumination
and reflectance from sSRGB color space. However, these
diffusion models often fail to fully decouple brightness and
color information.

2.2. Color Space

RGB. Currently, the most commonly used is the SRGB
color space. For the same principle as visual recognition



by the human eye, sSRGB is widely used in digital imaging
devices [32]. Nevertheless, image brightness and color ex-
hibit a strong interdependence with the three channels in
sRGB [9]. A slight disturbance in the color space will cause
an obvious variation in both the brightness and color of the
generated image. Thus, sRGB is not a desired color space
for low-light enhancement.

HSYV and YCbCr. The HSV color space represents points
in an RGB color model with a cylindrical coordinate system
[7]. Indeed, it does decouple brightness and color of the
image from RGB channels. However, the red color disconti-
nuity and black plane noise pose significant challenges when
we enhance the images in HSV color space, resulting in the
emergence of various obvious artifacts. To circumvent issues
related to HSV, some methods [1, 11] also transform sRGB
images to the YCbCr color space, which has an illumina-
tion axis (Y) and reflect-color-plane (CbCr). Although it
solved the hue dimension discontinuity problem of HSV, the
Y axis is still coupled with the CbCr plane partially, leading
to severe color shifts.

3. HVI Color Space

The HVI space is built upon the HSV color space, which
is proposed to address the color space noise issues arising
from the HSV space. The key intuition in HVI is that the
restored images should have good perceptual quality for
respective colors, i.e., similar colors have small Euclidean
distances. Below we introduce the HVI transformation in
detail, where the HSV color space is first applied to decouple
the brightness and color information of input images, which
could cause color space noise (e.g., red discontinuity and
black plane). We then introduce our proposed polarized HS
operations and learnable intensity collapse function in HVI
to effectively address these issues.

3.1. Color Space Noises in HSV

Intensity Map. In the task of LLIE, one crucial aspect
is accurately estimating the illumination intensity map of
the scene from a sRGB input image. Previous methods
[8,43, 51] largely rely on the Retinex theory [21], using deep
learning to directly generate the corresponding normal-light
map. While this approach aligns with statistical principles,
it often struggles to fit physical laws and human perception
[9], resulting in limited generalizability [40]. Therefore, we
instead refer to the Max-RGB theory [21] to estimate the
intensity map, a.k.a., Value in HSV, rather than using neural
networks to generate it. According to Max-RGB, for each
individual pixel z, we can estimate the intensity map of an
image I, € RE*W as follows:

(Te (). (1)

Inee() = _ o,

The intensity map then goes through the SRGB-HSV

transformation that can lead to various red and black noises.
We introduce these separately as follows.

Hue/Saturation Plane. Real-world low-light images of-
ten contain significant noise, making its identification and
removal a key challenge in LLIE. Recent studies [43, 48] in-
dicate that the noise in low-light images is a primary cause to
shifts in Hue and Saturation, a.k.a. a general case of Reintex
theory [40], while having minimal impact on light intensity.
Therefore, decoupling the SRGB color space, known for its
high color sensitivity, can be advantageous for the LLIE task.
By leveraging pixel-based photometric invariance [9] and
dichromatic reflection modeling [34], SRGB can be decou-
pled into illuminance and chromatic components, yielding
the HSV (Hue/Saturation-Value) color space. In this rep-
resentation, the Value map (V) component corresponds to
light intensity map (V = 1,4, ), while the HS plane forms a
chromaticity plane independent of illuminance constraints.
Specifically, the transformation of SRGB image to Saturation
map (S) is defined as follows

0,
5= A
Imaz’

where A = I,,,,, — min(I.) and s is any pixel in S. The
Hue map (H) is formulated as

Imaac =0
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where h is any pixel in H.

Color Space Noises. Converting an sSRGB image to HSV
space effectively decouples brightness from color, enabling
more accurate color denoising and more natural illuminance
recovery. However, this transformation also amplifies noise
in the red and dark regions [9], which are critical for LLIE
tasks. As illustrated in Fig. | (b), enhancing the image
brightness within the HSV color space yields a more bal-
anced brightness level. However, excessive noise in the red
discontinuities and the black plane introduces significant
artifacts, particularly in red and dark areas of output image,
which greatly degrade the perceptual quality.

To address this issue, we propose the HVI color space
as follows, which effectively preserves the decoupling of
brightness and color while minimizing these artifacts.

3.2. Horizontal/Vertical Plane with Polarized HS
and Collapsible Intensity

Our primary approach to addressing the color space noise
issue is to ensure that more similar colors exhibit smaller
Euclidean distances. Along the Hue axis, the color red
appears identically at both h = 0 and h = 6, due to the
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modular arithmetic of Hue-axis, which splits the same color
across two ends of the spectrum. In particular, to address
the red discontinuity issue, we apply polarization to the
Hue axis (h) at each pixel in H, obtaining orthogonal h =
cos(%h) and v = sin(ﬂg—h). When the Hue axis is polarized,
it forms an angle within the orthogonalized h — v plane, with
s representing the distance from the origin.
For the black plane noise issue, we aim to collapse regions
of low light intensity while preserving those with higher in-
tensity. However, the optimal extent of collapse varies across
different datasets and networks. Therefore, it is important to
make this region adaptively collapsible through a learning
process. To achieve this, we introduce an adaptive intensity
collapse function Cy, as follows
= ’{/sirl(w) +e,

2
where k € Q7 is a trainable parameter to control the dark
color point density, and a small ¢ = 1 x 108 is used to avoid
gradient explosion. Essentially, Cy, serves a radius mapping
function, with smaller Cj, corresponding to smaller radius
or lower intensity values. Thus, black points are clustered
together as Cj, decreases. We then formalize the Horizontal
(H) map and Vertical (V) map as

®)

where h € H, v € V, and ® denotes the element-wise
multiplication. ﬂ, \7, and I,,,,, can be concatenated to form
an HVI image.

Thanks to these operations, the HVI space builds a strong
color space that maintains the advantages of HSV while re-
moving the red and black noises. More importantly, since
HVI is trainable due to k and Cy, specifically designed neu-
ral networks, as discussed in the following, can be created to
optimize LLIE upon HVI under various lighting conditions.

4. Color and Intensity Decoupling Network

To more effectively utilize chromatic and brightness infor-
mation in the HVI space, we introduce a novel dual-branch
LLIE network, named Color and Intensity Decoupling Net-
work (CIDNet), to separately model the HV-plane and I-axis
information in the HVI space, as shown in Fig. 2. CIDNet
employs HV-branch to suppress the noise and chromatic-
ity in the dark regions and utilizes I-branch to estimate the
illuminance of the whole images.

The overall framework of CIDNet can be divided into
three consecutive main steps. There is an HVI transformation
applied before the dual-branch enhancement network. After
the enhancement, CIDNet performs perceptual-inverse HVI
transformation to map the image to the SRGB space. Below
we introduce each step in detail.
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4.1. HVI Transformation

As described in Sec. 3.2, the HVI transformation decom-
poses the SRGB image into two components: an intensity
map containing scene illuminance information and an HV
color map containing scene color and structure information.
Specifically, we first calculate the intensity map using Eq. 1,
which is It = I,,,,,. Subsequently, we utilize the intensity
map and the original image to generate HV color map using
Eq. 5. Furthermore, a trainable density-k is employed to
adjust the color point density of the low-intensity color plane,
as shown in Fig. 2(a).

4.2. Dual-branch Enhancement Network

As illustrated in Fig. 2 (b), the dual-branch network is
built upon the UNet architecture, involving an encoder and
an decoder with respective three Lighten Cross-Attention
(LCA) modules, and multiple skip connections. Two key
designs in the network are the dual-branch structure and the
LCA module. We explain the key intuition behind these
designs as follows.

The LLIE task can be decomposed into two sub-tasks:
noise removal in low-light regions and brightness enhance-
ment. By converting the image to the HVI color space, where
luminance and color are decoupled, we can apply brightness
mapping to the Intensity map and denoising to the HV color
map. Since these two sub-tasks follow distinct statistical
patterns [24], inspired by Retinex-based methods [8, 43, 44],
we use separate branches, the I-branch and HV-branch, to
address each sub-task individually. Additionally, the input
to the HV branch is formed by concatenating the Intensity
map with the HV color map, as we observed that severely
low-light images contain a small amount of noise in the
luminance component as well.

The cross-attention between the two branches is used,
rather than using self-attention individually to each branch.
One main reason is that the illumination intensity is inversely
proportional to image noise intensity. A low-light image
may also contain high-illumination regions requiring only
minimal denoising and enhancement. Therefore, using the
intensity features to guide the HV-branch in denoising can
reduce global color shifts and achieve more effective noise
suppression. For another reason, the noisy intensity informa-
tion, after being denoised in the HV-branch, is transferred to
the I-branch through cross-attention, resulting in smoother
enhancement outcomes.

4.3. Perceptual-inverse HVI Transformation

To convert HVI back to the HSV color space, we perform
a Perceptual-inverse HVI Transformation (PHVIT), which
is a surjective mapping while allowing for the independent
adjustment of the image’s saturation and brightness.

The PHVIT sets h and ¥ as an intermediate variable as

h= CL,’U where ¢ = 1 x 108 is used to avoid
k+e

_ _V
— Cpte’



Figure 2. The overview of the proposed CIDNet. (a) HVI Color Transformation (HVIT) takes an sSRGB image as input and generates HV
color map and intensity map as outputs. (b) Enhancement Network performs the main processing, utilizing a dual-branch UNet architecture

with six Lighten Cross-Attention (
input and transform it into an sSRGB-enhanced image.

gradient explosion. Then, we convert h and & to HSV color
space. The Hue (H), Saturation (S) and Value (V) map can
be estimated as

| =

H= arctan(ﬁ) mod 1,
/- 6
S = ag\/ h? + 02, ©

V = aIila

where ag,a; are the customizing linear parameters to
change the image color saturation and brightness. Finally,
we will obtain the sSRGB image with HSV image [7].

4.4. Loss Function

To provide comprehensive supervision for training CID-
Net, we guide the enhancement from two key perspectives,
including the GroundTruth in the SRGB space and the HVI
map in the HVI space. Specifically, given the enhanced
HVI map Trrvr and the restored SRGB image i output from
CIDNet, we aim to minimize their difference to the primary
SRGB GroundTruth I and its corresponding HVI map Igyvr:

L=X-1(Igvy, Iavi) + (L), Q)

where A is a weighting hyperparameter to balance the losses
in the two different color spaces. This helps achieve not only
more closely with the probabilistic distribution of SRGB in
the HVI space, especially the red and black ones, due to
the optimized k and Cy, but also inheritance of pixel-level
structure detail in the sSRGB space.

5. Experiments
5.1. Datasets and Settings

We employ seven commonly-used LLIE benchmark
datasets for evaluation, including LOLv1 [43], LOLV2 [47],
DICM [22], LIME [12], MEF [28], NPE [38], and VV [36].
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) blocks. Lastly, we apply Perceptual-inverse HVI Transform (PHVIT) to take a light-up HVI map as

We also conduct further experiments on two extreme datasets,
SICE [2] (containing mix and grad test sets [53]) and SID
(Sony-Total-Dark) [4].

LOL. The LOL dataset has v1 [43] and v2 [47] versions.
Compared to LOL-v1 that contains both real and synthetic
data, LOL-v2 is divided into real and synthetic subsets. For
LOLv1 and LOLv2-Real, we crop the training images into
400 x 400 patches and train CIDNet for 1,500 epochs with a
batch size of 8. For LOLv2-Synthetic, we set the batch size
to 1 and train CIDNet for 500 epochs without cropping.

SICE. The original SICE dataset [2] contains 589 low-
light and overexposed images, with the training, validation,
and test sets divided into three groups according to 7:1:2.
CIDNet is optimized using 160 x 160 cropped images from
the training set for 1,000 epochs with a batch size of 10 and
tested on the datasets SICE-Mix and SICE-Grad [53].

Sony-Total-Dark. This dataset is a customized version
of a SID subset [4]. To make this dataset more challenging,
we convert the raw format images to sSRGB images with no
gamma correction, resulting in images with extreme dark-
ness. We crop the training images into 256 X 256 patches
and train CIDNet for 1,000 epochs with a batch size of 4.

Experiment Settings. We implement our CIDNet by
PyTorch. The model is trained with the Adam [19] optimizer
(81 =0.9 and B3 = 0.999) by using a single NIVIDA 2080Ti
or 3090 GPU. The learning rate is initially set to 1 x 10~% and
then steadily decreased to 1 x 107 by the cosine annealing
scheme [27] during the training process.

Evaluation Metrics. For the paired datasets, we adopt
the Peak Signal-to-Noise Ratio (PSNR) and Structural Sim-
ilarity (SSIM) [42] as the distortion metrics. To compre-
hensively evaluate the perceptual quality of the restored
images, we report Learned Perceptual Image Patch Similar-
ity (LPIPS) [50] with AlexNet [20] as the reference. For
the unpaired datasets, we evaluate single recovered images
using BRISQUE [29] and NIQE [30] perceptually.






Figure 4. Visual comparison on the five unpaired datasets. Follow RetinexFormer [3], we select one image in each dataset to compare our
method with the other methods. More visual comparison can be found in the supplementary materials.

Table 3. Results of applying HVI transformation as a plug-in to various LLIE methods on LOLv2-Real. Values in brackets represent the
absolute improved performance gain. The best PSNR/SSIMT, LPIPS/, and inference time/ are in bolded.

Methods FourLLIE [37] LEDNet [57] SNR-Aware [46] LLFormer [39] GSAD [15] DiffLight [6] CIDNet
PSNRT 22.730(+0.381)  23.394(+3.456)  22.251(+0.771)  22.671(+2.615) 23.715(+3.562)  23.969(+1.364) 24.111
SSIMT 0.856(+0.009)  0.837(+0.010) 0.840(-0.009) 0.852(+0.060)  0.876(+0.030) 0.859(+0.003) 0.871
LPIPS|) 0.125(+0.011) 0.115(-0.005) 0.117(-0.054) 0.117(-0.094) 0.103(-0.010) 0.109(-0.012) 0.108

GPU Time/s] 0.075 0.054 0.070 0.139 0.315 0.578 0.053
Model Type CNN CNN Transformer Transformer Diffusion CNN+Diffusion  Transformer

Table 4. Model ablation. Dual denotes the dual-branch network.

Metrics PSNRT SSIM?T LPIPS|
sRGB 20.062  0.825 0.137
Color Space HSV 21.349  0.801 0.167
P HVI (w/ Polarization Only) | 21.558  0.821 0.149
HVI (w/ Cj, Only) 21.536  0.825 0.179
UNet Baseline [31] 19.306  0.778 0.222
Structure SelfAttn [49] 22.313 0.835 0.126
Dual+SelfAttn [49] 23.159 0856 0.116
Loss HVI Only 23221  0.854 0.132
sRGB Only 23319  0.857 0.123
Full Model (HVI-CIDNet) \ 24111  0.871 0.108

to other approaches. As shown in Fig. 4, while CIDNet
does not outperform RetinexNet in the BRISQUE metric in
Tab. 2, its recovered perceptual results are closer to realistic
appearances than RetinexNet. This may be attributed to the
fact that building upon the HSV space, the HVI color space
is derived from real-world perceptual models [9].

Generalizing HVI to Other LLIE Models. To verify the
effectiveness of the HVI color space, we further evaluate its
performance when it is used with different LLIE models. In
particular, HVIT, together with its inverse mapping PHVIT,
is used as a plug-and-play module into six SOTA methods
that use SRGB images as input and are independent of spe-
cific color space characteristics. The results are reported in
Tab. 3. It is clear that transforming to the HVI color space
improves PSNR, SSIM, and LPIPS metrics across various
methods compared to the results in the SRGB color space.
Notably, the GSAD method demonstrates the most signifi-
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cant improvement, with a PSNR increase of 3.562 dB. This
demonstrates not only the generalizability of HVI to various
sRGB-based methods but also its general effectiveness as a
color space for the LLIE task.

For the inference time results in Tab. 3, it is evident
that the diffusion-based methods require longer GPU time
but achieve better enhancement results. In contrast, CID-
Net shows the most efficient inference while achieving the
highest PSNR and the second-best SSIM and LPIPS scores.
This highlights the strong ability of CIDNet in balancing the
efficiency and effectiveness within the HVI color space.

5.3. Ablation Study

We validate our HVI color space and the key modules
in CIDNet using both quantitative (Tab. 4) and qualitative
results (Figs. 5 and 6). The experiments are all performed on
LOLv2-Real for fast convergence and stable performance.

HVI Color Space. It can be seen in Tab. 4 that the
enhancement in the SRGB color space leads to chromatic
aberration and luminance bias, as demonstrated by the dif-
ference between Figs. 5(b) and (g). Compared to sRGB,
using HSV yields images aligned more closely with the
GroundTruth in both luminance and color due to its effec-
tiveness on decoupling brightness from color, which can be
observed the enhancement from Fig. 5(b) to Fig. 5(c). This
results in improved PSNR in Tab. 4. However, it signifi-
cantly introduces more noise due to the red discontinuity
in HSV, leading to the noisy black spots in the red regions
in Fig. 5(c) and the degraded SSIM and LPIPS in Tab. 4.
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