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Towards Efficient SDRTV-to-HDRTV by Learning
From Image Formation
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Abstract—Contemporary display enables video content
rendering with high dynamic range (HDR) and wide color gamut
(WCG). However, the majority of existing content remains in
standard dynamic range (SDR) format. Therefore, the conversion
of SDR content to HDRTV standards holds significant value.
This paper delineates and analyzes the SDRTV-to-HDRTV
conversion by modeling the formation of SDRTV/HDRTV
content. The findings reveal that a naive end-to-end supervised
training pipeline suffers from severe gamut transition errors.
To address this, we propose a new three-step solution called
HDRTVNet++, which includes adaptive global color mapping,
local enhancement, and highlight refinement. The adaptive global
color mapping step utilizes global statistics for image-adaptive
color adjustments, followed by a local enhancement network for
detail improvement. These two components are integrated as
a generator, with GAN-based joint training ensuring highlight
consistency. Our method, tailored for ultra-high-definition TV
content, offers both effectiveness and computational efficiency in
processing 4 K resolution images. We also construct HDRTV1K,
a dataset comprising HDR videos adhering to the HDR10
standard, featuring 1235 training and 117 testing images at
4 K resolution. Furthermore, we employ five metrics to assess
SDRTV-to-HDRTV performance. Our results demonstrate
state-of-the-art performance both quantitatively and visually.

Index Terms—Ultra high definition, high dynamic range, gamut
mapping, image enhancement.
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I. INTRODUCTION

THE evolution of television and film content resolution has
progressed from standard definition to full high definition,

and subsequently to ultra-high definition (UHD). A key fea-
ture of UHDTV is high dynamic range (HDR), which offers
a wider color gamut and higher dynamic range than standard
dynamic range (SDR) content, allowing viewers to experience
images and videos closer to real life. Although HDR display de-
vices are now common, most available resources remain in the
SDR format, necessitating algorithms to convert SDR content
to HDR. This task, referred to SDRTV-to-HDRTV, presents a
valuable yet under-researched area of study. The primary rea-
sons are twofold: first, HDRTV standards (e.g., HDR10 and
HLG) have only recently become well-defined; second, there
is a lack of comprehensive datasets for algorithm development
and evaluation. To advance this emerging field, this paper con-
ducts an in-depth study and analysis of the SDRTV-to-HDRTV
problem. This task is complex due to the inherent disparities be-
tween the two content types in dynamic range, color gamut, and
bit depth. While both SDRTV and HDRTV are derived from the
same raw files, they adhere to different processing standards. It is
crucial to distinguish the SDRTV-to-HDRTV task from the low
dynamic range (LDR)-to-HDR task, which involves predicting
scene luminance in the linear domain. In Section II, we pro-
vide detailed explanations of SDRTV/HDRTV concepts and the
SDRTV-to-HDRTV task. From an imaging formation perspec-
tive, SDRTV-to-HDRTV can be viewed as an image-to-image
translation task. Due to substantial differences in color gamut,
photo retouching methods can be applied to manage color trans-
formations in this task. Although not exclusively focused on
SDRTV-to-HDRTV, early works like Deep SR-ITM [5] and
JSI-GAN [6] address this task by combining super-resolution
with SDRTV-to-HDRTV. We illustrate SDRTV-to-HDRTV and
compare various methods in Fig. 1. As shown, previous meth-
ods struggle to effectively address this task. This study aims to
address the SDRTV-to-HDRTV conversion through a thorough
examination of its underlying challenges. We introduce a sim-
plified formation pipeline for SDRTV/HDRTV content, com-
prising tone mapping, gamut mapping, transfer function, and
quantization. Based on this, we propose HDRTVNet++, which
incorporates adaptive global color mapping (AGCM), local en-
hancement (LE), and highlight refinement (HR). Specifically,
AGCM incorporates a new module to capture global image
characteristics and accommodate diverse inputs. By utilizing
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Fig. 1. Visual comparison of different methods to solve SDRTV-to-HDRTV.

only 1× 1 convolutions, this approach achieves enhanced per-
formance while minimizing parameter count, surpassing alter-
native photo retouching methods such as CSRNet [7], HDR-
Net [2] and Ada-3DLUT [8]. Building upon AGCM’s founda-
tion, we propose a U-shape architecture incorporating spatial
conditioning for local enhancement. This solution pipeline en-
ables further performance improvements while mitigating color
transition artifacts commonly associated with end-to-end net-
works. After sequential training of AGCM and LE, we present
that joint finetuning further improves results. Despite these ad-
vancements, highlight areas remain challenging due to severe
information loss. To address this, we implement generative ad-
versarial training tailored for highlight refinement. To advance
research in this area, we construct a new dataset consisting of
4 K resolution SDR/HDRTV image pairs, called HDRTV1K,
and select five evaluation metrics: PSNR, SSIM, SR-SIM [9],
ΔEITP [10] and HDR-VDP3 [11].

In summary, our contributions are four-fold:
� We conduct a detailed analysis of the SDRTV-to-HDRTV

task by modeling SDRTV/HDRTV content formation.
� We propose an efficient SDRTV-to-HDRTV method

achieving state-of-the-art performance.
� We present a global color mapping network with outstand-

ing accuracy and only 35 K parameters.
� We provide an HDRTV dataset and select five metrics for

evaluating SDRTV-to-HDRTV algorithms.
A preliminary version of this work was presented at ICCV

2021 [3]. Since then, subsequent studies have further explored
the SDRTV-to-HDRTV problem [12], [13], [14], [15], [16],
[17]. This paper introduces HDRTVNet++, an enhanced ver-
sion that significantly improves upon the initial method through
a refined pipeline and more effective network design. Key ad-
vancements include: 1) Enhanced Network Design: We pro-
pose HDRTVNet++ with an improved pipeline and network ar-
chitecture. Notably, we optimize the training of AGCM and fur-
ther jointly finetune AGCM and LE, achieving better restoration
accuracy. The heavy sub-network for highlight generation is also
replaced with a joint adversarial training strategy, leading to a
large performance gain of 0.99 dB on PSNR with reduced param-
eters. 2) Detailed Analysis: We provide detailed explanations
of the motivation and rationale behind our solution pipeline.
By formulating pixel-independent and region-dependent oper-
ations, we highlight the importance of the correct sequence of
global color mapping and local enhancement. Additional experi-
ments further illustrate this crucial point for SDRTV-to-HDRTV

conversion. 3) Extensive Experiments: We conduct compre-
hensive ablation studies and detailed investigations of the net-
work design. These experiments demonstrate the effectiveness
of our proposed modules and the overall method.

II. PRELIMINARY

In this section, we clarify the concepts of SDRTV/HDRTV
and the distinctions between SDRTV-to-HDRTV and LDR-to-
HDR, as these terms are often confused and underexplored in
existing literature.

Concept: We use SDRTV/HDRTV to denote content (images
and videos) adhering to the respective standards. SDRTV is
defined by standards such as Rec.709 [18] and BT.1886 [19],
while HDRTV is specified in Rec.2020 [20] and BT.2100 [21].
HDRTV is characterized by features such as a wide color
gamut [20], PQ or HLG OETF [20], and a bit depth of 10-16
bits. Content not conforming to HDRTV is generally consid-
ered SDR, with clearer requirements outlined under the SDRTV
standard, such as the Rec.709 color gamut and gamma-OETF.
Both SDRTV and HDRTV can encode the same content, but they
differ in information capacity, resulting in distinct visual expe-
riences. The terms LDR and SDR both refer to low dynamic
range content, but their usage varies. SDR typically pertains to
display standards used in content production, often derived from
high dynamic range RAW files. In contrast, LDR content refers
to images captured at specific exposure levels, with dynamic
range determined during imaging. Thus, their formation pro-
cesses differ. For clarity, we use the terms LDR-to-HDR and
SDRTV-to-HDRTV to denote the conventional image HDR
reconstruction and the conversion of content from SDRTV to
HDRTV standard.

Explanation: SDRTV-to-HDRTV and LDR-to-HDR differ in
function. While both involve HDR, the meaning of HDR varies.
LDR-to-HDR methods predict luminance in the linear domain,
representing the physical brightness of a scene. Here, HDR refers
to dynamic range information beyond the capture capabilities of
LDR imaging. Conversely, SDRTV-to-HDRTV involves gener-
ating HDR images in the pixel domain using HDR display for-
mats such as HDR10, HLG, and Dolby Vision. Both SDRTV
and HDRTV content originate from the same HDR scene ra-
diance. While HDRTV content can derive from linear domain
HDR content, this requires additional operations such as tone
mapping and gamut mapping. As a result, methods for these
tasks are not interchangeable.

III. RELATED WORK

A. Sdrtv-to-Hdrtv

The SDRTV-to-HDRTV task, central to this paper, is initially
presented in [22], where SDRTV/HDRTV content is referred
to as LDR/HDR. Notable advancements, such as Deep SR-
ITM [5] and JSI-GAN [6], have successfully combined image
super-resolution with SDRTV-to-HDRTV, significantly drawing
research interest. Our conference version, HDRTVNet [3], pro-
vides an in-depth analysis, a foundational solution, and a dataset
for this task. Building on that, several works have emerged.
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For instance, He et al. [13] introduce HDCFM, employing hi-
erarchical global and local feature modulation. Xu et al. [12]
propose FMNet, utilizing frequency information for modulation
to minimize structural distortions and artifacts. Cheng et al. [14]
develop a learning-based approach for synthesizing realistic
SDRTV-HDRTV pairs, enhancing method generalization. Guo
et al. [16] contribute a new dataset and degradation models for
practical conversion. Zhang et al. [17] design a efficient frame-
work with reconstruction and enhancement models for this task.
In this work, we enhance HDRTVNet [3] by introducing more
effective networks, along with more comprehensive analysis and
experiments.

B. Ldr-to-Hdr

In general, LDR-to-HDR, also known as HDR reconstruction,
seeks to generate HDR images from LDR photographs. Com-
mon methods include fusing multi-exposure LDR images [23],
[24], [25], [26] and reconstructing HDR images from a single
image [27], [28], [29], [30], [31]. The latter is more relevant to
this work. Traditional methods for single image LDR-to-HDR
leverage intrinsic image features to estimate scene luminance.
For example, [27] estimates light source density to extend the dy-
namic range, and [1] employs a cross-bilateral filter to enhance
LDR inputs. Additionally, deep learning-based methods have
also emerged. Ref. [28] introduces HDRCNN to recover missing
details in over-exposed areas, and [29] learns the LDR-to-HDR
mapping by reversing the camera pipeline. Nonetheless, these
techniques primarily focus on predicting linear HDR luminance
and are not designed for content conversion under two dis-
play standards. Consequently, they are either hard to use for
SDRTV-to-HDRTV or perform poorly when applied.

C. Gamut Extension

Gamut extension, a key concept in color science, involves con-
verting content to a wider color gamut, essential in transitioning
from Rec.709 to Rec.2020 during SDRTV-to-HDRTV conver-
sion. Despite ITU-R [32] offering a color conversion matrix, it
cannot consider multiple mappings involving color (i.e., tone
mapping) used in production, limiting its effectiveness. Several
gamut extension algorithms have been proposed [33], [34], [35],
[36], [37], [38]. For example, [33] introduces a perceptually-
based variational framework for spatial gamut mapping, and [38]
presented a PDE-based optimization procedure considering hue,
chroma, and saturation. However, these algorithms primarily ad-
dress color mapping, lacking the capability for complex detail
enhancement needed in SDRTV-to-HDRTV.

IV. ANALYSIS AND METHOD

In this section, we present a streamlined process for
SDRTV/HDRTV formation, highlighting critical steps in actual
production. We then analyze this pipeline and propose a new
solution using a divide-and-conquer approach.

Fig. 2. Analysis of SDRTV-to-HDRTV and LDR-to-HDR formations.

A. SDRTV/HDRTV Formation Pipeline

We present a simplified pipeline for forming SDRTV and
HDRTV content, grounded in camera ISP and HDRTV produc-
tion [39], depicted in Fig. 2(a). While operations like denoising,
white balance, and color grading are not covered, we focus on the
key differences: tone mapping, gamut mapping, opto-electronic
transfer function, and quantization. In the equations below, “S”
represents SDRTV and “H” is HDRTV.

Tone mapping: This process converts high dynamic range sig-
nals to low dynamic range for display compatibility. It includes
global tone mapping [40], [41], [42] and local tone mapping [43],
[44]. Global tone mapping applies a uniform function to all pix-
els, based on global image statistics like average luminance,
whereas local tone mapping adapts to content but is compu-
tationally intensive. Thus, global tone mapping is preferred in
SDRTV/HDRTV. This can be expressed as:

ItS = TS(I|θS), ItH = TH(I|θH), (1)

where TS and TH are the tone mapping functions, and θS and
θH are coefficients related to image statistics. S-shaped curves
are frequently used for global tone mapping, with clipping op-
erations commonly occurring during production. We take Hable
tone mapping [45] as an example and show its curves when pro-
cessing SDRTV (0–100 cd/m2) and HDRTV (0–10000 cd/m2)
in Fig. 2(a).

Gamut mapping: This process adjusts colors from the source
to the target gamut while maintaining the scene’s appearance.
According to ITU-R standards [18], [20], transformations from
XYZ space to SDRTV (Rec.709) and HDRTV (Rec.2020) are:⎡

⎢⎣
R709

G709

B709

⎤
⎥⎦ = MS

⎡
⎢⎣
X

Y

Z

⎤
⎥⎦ ,

⎡
⎢⎣
R2020

G2020

B2020

⎤
⎥⎦ = MH

⎡
⎢⎣
X

Y

Z

⎤
⎥⎦ , (2)

where MS and MH are constant 3× 3 matrices. Fig. 2(a) il-
lustrates the target gamuts of SDRTV and HDRTV on the CIE
chromaticity diagram.

Opto-electronic transfer function (OETF): This function con-
verts linear optical signals into non-linear electronic signals. The
OETF for SDRTV often approximates an exponential gamma
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function as IfS = fS(I) = I1/2.2. For HDRTV, there are sev-
eral OETFs on different standards, such as PQ-OETF [46] on
the HDR10 standard and HLG-OETF [21] on the HLG (Hybrid
Log-Gamma) standard. The PQ-OETF is:

IfH = fH(I) =

(
a1 + a2I

b1

1 + a3Ib1

)b2

, (3)

where a1, a2, a3, b1, b2 are constants. The curves of gamma-
OETF for SDRTV (0–100 cd/m2) and PQ-OETF for HDRTV
(0–10000 cd/m2) are depicted in Fig. 2(a).

Quantization: This involves encoding pixel values using:

Iq = Q(I, n) =
�(2n − 1)× I + 0.5�

2n − 1
, (4)

where n is 8 for SDRTV and 10-16 for HDRTV. Fig. 2(a) also
presents the two quantization curves.

In summary, the SDRTV and HDRTV content formation
pipelines are expressed as:

IS = QS ◦ fS ◦MS ◦ TS(Iraw), (5)

IH = QH ◦ fH ◦MH ◦ TH(Iraw), (6)

where ◦ denotes the connection between two operations.
Comparison with LDR formation pipeline: Taking Single-

HDR [29] as an example, the LDR image is derived from its
HDR counterpart through a series of process including dynamic
range clipping, non-linear mapping, and quantization. Unlike
LDR-to-HDR, SDRTV and HDRTV originate from the same
raw data with different operations, as shown in (5) and (6).
Gamut extension is critical in SDRTV-to-HDRTV, illustrating
key production differences.

B. SDRTV-to-HDRTV Solution Pipeline

According to the above pipeline, the SDRTV-to-HDRTV pro-
cess can be formulated as:

IH = QH ◦ fH ◦MH ◦ TH ◦ T−1
S ◦M−1

S ◦ f−1
S ◦Q−1

S (IS),
(7)

where T−1
S ,M−1

S , f−1
S , Q−1

S are the inversions of correspond-
ing operations. We propose a new solution pipeline as shown in
Fig. 3(a)), based on two observations: the one is that many crit-
ical operations, such as global tone mapping, OETF, and gamut
mapping, are pixel-independent; the other one is that some op-
erations, like local tone mapping and dequantization, depend
on regional information. To understand these operations, we
define the mapping f(·) from the input Iin to the output Iout
at (x, y) as:

Iout(x, y) = f(Ω(Iin(x, y), δ)), (8)

where Ω(Iin(x, y), δ) denotes a local region. It composed of
pixels whose distance from the center point Iin(x, y) is no more
than δ. Specially, δ = 1 means that Ω(Iin(x, y), δ) is equivalent
to Iin(x, y). For pixel-independent operations:

Iout(x, y) = f(Ω(Iin(x, y), 1)) = f(Iin(x, y)), (9)

and for region-dependent operations:

Iout(x, y) = f(Ω(Iin(x, y), δ)),where δ > 1. (10)

Fig. 3. SDRTV-to-HDRTV solution pipelines.

Color conversion is crucial in SDRTV-to-HDRTV produc-
tion [32], so we implement pixel-independent and region-
dependent operations separately, i.e., global color mapping and
local enhancement in Fig. 3(a). Global color mapping should be
image-adaptive (e.g., the average brightness and peak brightness
are often used in tone mapping):

Iout(x, y) = f(Iin(x, y)|Iin). (11)

Experiments in Section V-B illustrate the effectiveness and effi-
ciency of this design. Performing pixel-independent operations
first reduces color transition artifacts compared to end-to-end
solutions, as shown in Fig. 8. This is likely due to the difficulty
of convolution operators processing both pixel-independent
low-frequency and region-dependent high-frequency transfor-
mations. For better performance, we optimize these operations
jointly. Due to severe information loss in SDRTV, particularly
in highlights, previous methods [3] struggle to recover missing
information. However, generative adversarial training enhances
visual quality by improving color transitions in highlights, align-
ing predictions closer to HDRTV distribution. We compare dif-
ferent SDRTV-to-HDRTV pipelines in Fig. 3. Existing meth-
ods [5], [6], [12] employ end-to-end networks in Fig. 3(b). Since
LDR-to-HDR has been extensively discussed, we also demon-
strate a method pipeline based on LDR-to-HDR principles in
Fig. 3(c). Specifically, the HDR radiance map is first generated.
Then, gamut mapping is applied to convert the radiance map
to the Rec.2020 gamut. The PQ OETF is subsequently used to
compress the dynamic range. Finally, quantization is performed
to produce the HDRTV output. The details of these operations
may vary in actual processing, and thus we follow the pipeline
used in [5], [6]. Our solution uses a divide-and-conquer strategy,
developing HDRTVNet++ with adaptive global color mapping,
local enhancement, and highlight refinement.

C. Adaptive Global Color Mapping

Adaptive global color mapping (AGCM) is designed to fa-
cilitate image-specific color conversion from SDRTV domains
to HDRTV domains. We employs an network analogous to the
conference version. As depicted in Fig. 4, the proposed model
comprises a base network and a condition network.
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Fig. 4. The overall architecture of our proposed SDRTV-to-HDRTV method.

Fig. 5. Comparison of different visualization methods.

1) Base Network: The base network handles pixel-
independent operations. Given an input SDRTV image IS ,
the transformation is denoted as:

IB(x, y) = f(IS(x, y)), ∀(x, y) ∈ IS , (12)

where IB represents the base network’s output. As presented in
CSRNet [47], a fully convolutional network utilizing exclusively
1× 1 convolutions and activations can realize pixel-independent
mapping. Therefore, we design the base network using Nl con-
volutional layers with 1× 1 filters and Nl-1 ReLU activation
functions, expressed as:

IB = Conv1×1 ◦ (ReLU ◦ Conv1×1)
Nl−1(IS). (13)

This network processes an SDRTV image encoded with 8 bits
and outputs a 10-16 bits HDRTV image. Despite learning a one-
to-one color mapping, it performs well (see Table I). It is worth
noting that this network can function similarly to a 3D lookup
table, but more efficiently (see Section V-H).

2) Condition Network: Global priors play a crucial role in
adaptive color mapping. To achieve image-specific transforma-
tion, we incorporate a condition network that modulates the
base network. While previous studies [7], [48] have focused
on extracting spatial and local information as conditioning fac-
tors, the SDRTV-to-HDRTV conversion primarily depends on
global image statistics or color distribution, which are typically
independent of spatial details. Our condition network extracts

color-related information for adjustable mapping, as shown in
Fig. 4. It comprises color condition blocks, convolution layers,
a dropout layer, and global average pooling.

A color condition block (CCB) consists of a 1× 1 convo-
lution, average pooling, LeakyReLU activation, and instance
normalization [49]:

CCB(If ) = IN ◦ LReLU ◦ avgpool ◦ Conv1×1(If ), (14)

where If is the input feature. The condition network processes a
down-sampled SDRTV image IS↓ and outputs a condition vector
V :

V = GAP ◦ Conv1×1 ◦Dropout ◦ CCBNc(IS↓). (15)

Without local feature extraction, the overall condition network
focus on deriving global priors. Dropout before the convolu-
tion and pooling layers, which acts like adding a multiplicative
Bernoulli noise to features, is used to prevent overfitting.

3) Global Feature Modulation: We introduce global feature
modulation (GFM) to utilize global priors. GFM modulates in-
termediate features of the base network via scaling and shifting
based on the condition vector:

GFM(xi) = α ∗ xi + β, (16)

where xi is the intermediate feature to be modulated, and α, β
are scaling and shifting factors. Overall, the AGCM network is
formulated as:

IAGCM = GFM ◦ Conv1×1 ◦ (ReLU◦
GFM ◦ Conv1×1)

Nl−1(IS). (17)

We optimize AGCM by minimizing theL1 loss between the pre-
diction and the ground-truth HDRTV image. In the conference
version, the L2 loss function is utilized to optimize the AGCM
network, as it is commonly adopted in existing literature involv-
ing HDRTV conversion [5] or color mapping [8]. This paper
demonstrates that the L1 loss function yields better results for
the SDRTV-to-HDRTV problem (see Section V-G).
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Fig. 6. Visual comparison on HDRTV1K.

Fig. 7. Visual comparison of the color transition test.

D. Local Enhancement

Following AGCM, Local Enhancement (LE) is crucial for
SDRTV-to-HDRTV conversion. While AGCM provides signif-
icant performance, LE addresses region-dependent mappings.
Initially, a classic ResNet is used for LE [3], but it has limited
performance and large computational load. Inspired by [50], we
employ a UNet structure for LE, consisting of a main and a
condition branch, as illustrated in Fig. 4. Specifically, The main
branch is U-shape, and the condition branch generates vectors to
modulate main branch features. The input IAGCM ∈ R3×H×W

is transformed into high-dimensional features F0 ∈ RC×H×W .
A three-level encoder-decoder refines these features, using stride
convolution and pixel-shuffle for downsampling and upsam-
pling [51]. Skip connections assist feature recovery. In actual
production, the resolution of SDRTV content is generally from
1 K to 4 K. The use of a U-shape structure can greatly reduce

the computational burden required for processing. The condition
branch processes inputs through three convolutions for shared
representation, generating hierarchical conditions for spatial fea-
ture modulation using SFT layers [48]:

SFT (xi) = m	 xi + n, (18)

where 	 denotes the element-wise multiplication. xi ∈
RC×H×W denotes the features to be modulated.m ∈ RC×H×W

and n ∈ RC×H×W are both conditional maps predicted by the
condition branch. It is noteworthy that without AGCM, employ-
ing local enhancement with region-dependent operations can
cause artifacts (see Fig. 8). To achieve better optimization, we
further jointly train the AGCM and LE networks. Experiments
show that joint training can still bring a slight performance im-
provement. Benefiting from our AGCM and LE, the proposed
method can significantly outperform existing approaches with
high efficiency for SDRTV-to-HDRTV.
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Fig. 8. Visual comparisons between methods w/ AGCM and w/o AGCM.

TABLE I
QUANTITATIVE COMPARISONS WITH EXISTING METHODS

E. Highlight Refinement

Highlight Refinement (HR) aims to address color disharmony
in highlight regions, which is often caused by dynamic range
and color gamut clipping. MSE-based models struggle with this
ill-posed problem, so we introduce generative adversarial train-
ing to alleviate the color disharmony. The initial version uses
a separate UNet with a soft mask [3], but it has limited visual

improvement and high computational costs. Instead, we lever-
age the pre-trained AGCM and LE networks as the generator,
enhancing it with adversarial training to achieve better visual re-
sults, as shown in Fig. 4. This approach brings two advantages.
First, it aligns output distribution closer to the ground-truth.
Since well-exposed regions have already been effectively pro-
cessed in previous stages, this training will focus on improv-
ing color transition in highlight regions. Second, it avoids extra
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computational cost since there are no additional parameters to
optimize. The generator is defined as:

IH = Generator(IS) = LE(AGCM(IS)), (19)

where LE(·) and AGCM(·) represent the pretrained LE and
AGCM networks. We adopt the UNet-style network as the dis-
criminator following [52] and optimize the GAN training based
on Relativistic GAN [53]. The overall loss function is composed
of L1 loss, perceptual loss [54] and adversarial loss [55], [56],
[57] as:

LHR = λ1L1 + λ2LPercep + λ3LGAN , (20)

where λ1, λ2, λ3 are constant, set to 0.01, 1 and 0.005.

V. EXPERIMENTS

A. Experimental Setup

1) Dataset: To address the scarcity of SDRTV/HDRTV data
pairs for training and testing, we construct the HDRTV1K
dataset. This dataset comprises 22 HDR videos (compliant with
the HDR10 standard) and their SDRTV counterparts, sourced
from YouTube following the method [5]. All HDR videos are
encoded using PQ-OETF within the Rec.2020 color gamut. We
utilize 18 video pairs to generate image data pairs for training,
reserving the remaining 4 for testing. To reduce content sim-
ilarity, we sample one frame every two seconds, resulting in
a training set of 1,235 images. The testing set consists of 117
unique images extracted from the videos.

2) Training Details: For AGCM, the base network comprises
3 convolutional layers with a 1× 1 kernel size and 64 channels,
while the condition network consists of 4 CCBs. Prior to train-
ing, images are cropped to 480× 480 with a step of 240. During
training, patches of size 480× 480 are input into the base net-
work, while full images downscaled by a factor of 4 are input
into the condition network. The mini-batch size is set to 4 and we
employ the L1 loss function and Adam optimizer for 1× 106

iterations. The initial learning rate is 4× 10−4, which decays
by a factor of 2 at 5× 105 and 8× 105 iterations. For LE, the
AGCM outputs serve as inputs. We set the mini-batch size as 8
and the patch size as 240× 240. The initial learning rate is set
to 1× 10−4, decaying by a factor of 2 every 2× 105 iterations,
over 1× 106 iterations. The L1 loss function and Adam opti-
mizer are used for training. In joint training, the AGCM and LE
networks are optimized simultaneously with the L1 loss func-
tion and Adam optimizer, using a batch size of 4 and a patch
size of 192. The initial learning rate is 1× 10−4, decaying by 2
every 1× 105 iterations, over 5× 105 iterations. Subsequently,
the GAN model is trained with a batch size of 64 and a patch
size of 128. The initial learning rate is 1× 10−4, with a total of
4× 105 iterations. The learning rate decays by a factor of 0.5 at
5× 104, 1× 105, 2× 105, and 3× 105 iterations. We train all
models using PyTorch and on NVIDIA 3090 GPUs.

3) Evaluation: Five metrics are utilized for comprehen-
sive evaluation: PSNR, SSIM, SR-SIM [9], HDR-VDP3 [11]
and ΔEITP [10]. PSNR assesses SDRTV-to-HDRTV fidelity
against ground truth HDRTV images. SSIM and SR-SIM are

adopted to evaluate structural similarity of images; SR-SIM, al-
though designed for SDR images, is effective for HDR standards
as shown in [63]. ΔEITP measures color differences, tailored
for HDRTV content. HDR-VDP3 is an image quality assessment
metric supports the Rec.2020 color gamut. For HDR-VDP3,
evaluations are implemented by setting the side-by-side” task,
rgb-bt.2020” color encoding, 50pixels per degree, and led-lcd-
wcg” for the rgb-display” option.

For visualization, we display 16-bit PNG HDRTV images
directly without extra processing. They may appear lower in
contrast due to gamma EOTF decoding on SDR devices, but the
visual differences are still discernible. Previous work [5], [6]
visualize HDRTV images using video players (i.e., MPC-HC
player). However, this comparison may be unfair, because the
software introduces unknown enhancement, particularly in high-
light regions, leading to similar visual outcomes. Another ap-
proach is to use error maps to show the intensity difference
between the produced result and the ground truth, while it may
fail to reflect visual differences accurately. In contrast, our vi-
sualization preserves highlight details and aligns closely with
human perception, as demonstrated in Fig. 5.

B. Comparison With Existing Methods

We compare our results with four types of methods: SDRTV-
to-HDRTV, image-to-image translation, photo retouching, and
LDR-to-HDR. Since these methods are not all specifically de-
signed for this task, necessary adjustments are made. For joint
SR with SDRTV-to-HDRTV methods, we modify the stride of
the first convolutional layer to 2 for downsampling to match in-
put and output sizes.1 For LDR-to-HDR methods, we process
results as illustrated in Fig. 3(c), following the same steps as
previous works [5], [6]. Note that All data-driven methods are
retrained on our dataset.

Quantitative comparison: As shown in Table I, our method
significantly outperforms other methods on all metrics. Notably,
our initial AGCM version achieves comparable performance to
Ada-3DLUT with only 1/17 of its parameters. By further opti-
mizing the training of AGCM, the improved version, AGCM++,
surpasses all compared methods including recent works FM-
Net [12] and HDRTVDM [16]. When equipped with the LE
network and joint training, our approach achieves 38.60 dB,
surpassing all other approaches, including a 0.66 dB gain over
FMNet, a 0.62 dB gain over HDRTVDM and about 1 dB over the
initial version HDRTVNet. For the HR part, although generative
adversarial training reduces PSNR performance, it achieves the
best HDR-VDP3 perceptual quality scores. All the quantitative
results show the superiority of our method, and it is noteworthy
that HDRTVNet++ is efficient and has much fewer parameters
than other methods.

Visual comparison: Fig. 6 presents the results of visual com-
parison. LDR-to-HDR and image-to-image translation methods
often produce low-contrast images. Except for HuoPhyEO [1],

1We have also conducted experiments with removing the upsampling oper-
ation in these networks, but this do not improve performance and significantly
increased memory and runtime costs.
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TABLE II
QUANTITATIVE COMPARISONS BETWEEN METHODS W/ AND W/O AGCM

LDR-to-HDR-based, image-to-image translation, and SDRTV-
to-HDRTV approaches all generate unnatural colors and no-
ticeable artifacts. Photo retouching methods perform relatively
better but suffer from color distortion. In contrast, our method
produces natural colors and high contrast akin to the ground
truth, without additional artifacts. Notably, the visual quality im-
proves with processing steps: AGCM < AGCM-LE < AGCM-
LE-HR, demonstrating the effectiveness of our proposed solu-
tion pipeline.

C. Color Transition Test

Previous methods often perform poorly in highlight regions,
especially with color changes. We conduct a color transition test
using a man-made color card as input, comparing outputs from
different methods, as presented in Fig. 7. It can be observed
that unnatural transitions and color blending appear in outputs
from region-dependent methods (e.g., Deep SR-ITM, JSI-GAN,
Pixel2Pixel, CycleGAN) and those based on region-dependent
conditions (e.g., 3D-LUT). In contrast, our method achieves
smooth transition with AGCM, based on pixel-independent op-
erations. Even when learning region-dependent mapping (e.g.,
AGCM-LE, AGCM-LE-HR), Our method avoids color transi-
tion artifacts. This showcases the superiority of our AGCM to
deal with the color gamut conversion, and the effectiveness of
our entire solution pipeline to resolve the complex SDRTV-to-
HDRTV mappings. Note that blue regions suffer the most severe
unnatural color transition. This is due to the greater information
loss appear in blue regions during color gamut compression in
SDRTV production.

D. Significance of AGCM

To demonstrate the necessity of AGCM in the entire SDRTV-
to-HDRTV solution pipeline, we conduct comprehensive ex-
periments comparing methods with and without AGCM. In ad-
dition to using ResNet (used in the conference version) and
UNet-based (in this paper) LE networks, we also implement
a very small-scale LE network, denoted as Basic3x3. It has a
very simple structure with only three layers of convolution with
standard 3×3 filters. As presented in Table II, methods that per-
form AGCM before LE (i.e. AGCM-LE), with limited additional
parameters, achieve significantly higher performance than meth-
ods that learn the LE network directly, regardless of the LE net-
work’s scale. For visual comparisons, Fig. 8(a) shows that out-
puts from methods without AGCM exhibit noticeable artifacts
in over-exposed and saturated regions. Fig. 8(b) also demon-
strates that methods without AGCM perform poorly in the color

Fig. 9. Illustrations of 3D LUTs.

transition test. Additionally, we can observe an interesting phe-
nomenon that when comparing the different LE networks (with-
out AGCM), larger networks tend to produce more artifacts. The
smallest LE network Basic3x3 produce the best visual results de-
spite the lowest quantitative performance. All these results in-
dicate that optimizing pixel-independent and region-dependent
mapping together is challenging for an end-to-end LE network,
and simply improve the LE network cannot address this chal-
lenge. Nevertheless, we find that performing AGCM prior to
local enhancement is crucial for the final performance. This sug-
gests that addressing color mapping before enhancement can ef-
fectively mitigates the optimization challenge and achieve con-
siderable SDRTV-to-HDRTV results.

E. Analysis of Color Mapping Via LUT Manifold

In this section, we provide an analysis tool by visualizing
the Look-Up Tables (LUTs) manifold to intuitively evaluate the
model’s function at various stages. We start by depicting the
LUT manifold and its visualization. In a 3D LUT cube, each
point possesses four fundamental attributes: color and three co-
ordinate values, which determine the color’s position within the
current domain. Fig. 9(a) presents the 3D LUT cube of the iden-
tity mapping of SDRTV colors, where the coordinate values
of each point align with the three-channel values of its color
in the SDRTV domain. For instance, the color (R:128, G:128,
B:128) is located at the position (128, 128, 128) in the space.
Fig. 9(b) shows the LUT manifold of SDRTV-to-HDRTV color
mapping using the base network. In this cube, the coordinate
values of each point correspond to its HDRTV color. It can
be observed that SDRTV colors (0-255) map to HDRTV col-
ors (0-1023). To demonstrate the image-adaptive functionality,
Fig. 10 shows LUT manifolds changing with different inputs,
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Fig. 10. 3D LUTs generated by using different images as input conditions to our AGCM network.

Fig. 11. Visual results and 3D LUT manifolds in different stages.

indicating effective color conditioning of our AGCM. We fur-
ther demonstrate the functionality of different steps using LUT
manifold visualization in Fig. 11. Firstly, the base network can
only learn a one-to-one color mapping across the dataset, re-
sulting in a non-smooth color transition of the LUT manifold
in highlight areas and severe artifacts in the output. In contrast,
the color condition network assists the base network in learning
image-adaptive color mapping, removing artifacts in the results
produced by AGCM and densifying the LUT manifold. Due
to local enhancement, the LUT manifold becomes more com-
pact and smooth, allowing an SDRTV color to map to multiple
HDRTV colors through region-dependent operations (i.e., con-
volutions). It can handle one-to-many color mapping and greatly

improve visual quality. Lastly, we can see that highlight refine-
ment further compacts and densifies the LUT manifold, and the
results also have natural color transition in highlight regions.
The above LUT manifold analysis intuitively reflects the role of
different stages in our SDRTV-to-HDRTV solution pipeline.

F. Network Investigation

In this section, we implement comprehensive experiments to
investigate specific network design in the proposed method.

Adaptive Global Color Mapping: We first examine effects of
different depths of the base network and the condition network
in AGCM, as shown in Table III and Table IV. We vary the
depth of the base network from 2 to 5 and set the depth of the
condition network from 3 to 6. Experimental results show that
a base network depth of 3 and a condition network depth of 5
achieves the best performance, thereby being set as the default
setting in our method. We also perform an ablation study on the
key components of AGCM. As presented in Table V, removing
the Dropout layer slightly reduces performance, indicating the
effectiveness of Dropout in the condition network. Notably, we
can see that without instance normalization will result in a sig-
nificant performance drop, performing only slightly better than
the base network without the condition. This illustrates that this
normalization layer is critical for the proposed color condition.
We believe this is because instance normalization can help the
network learn the key property (i.e., contrast) as the condition.

Local Enhancement: We improved upon the preliminary
ResNet-style network by introducing a UNet-style network for
local enhancement (See Section IV-D). For fair comparison, we
adopt the same AGCM model, i.e., AGCM++, prior to the LE
network. As shown in Table VI, our LE++ outperforms previ-
ous LE by over 0.8 dB with about half the parameters, indicat-
ing the superiority of LE++. There are two primary reasons for
the success of our LE++ design: (1) its U-shape design enables
stronger representation ability to learn useful features, partic-
ularly for high-resolution inputs; and (2) its ability to handle
spatially varying mappings via conditional branches makes it
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TABLE III
QUANTITATIVE COMPARISONS ON THE DEPTH OF THE BASE NETWORK IN AGCM

TABLE IV
QUANTITATIVE COMPARISONS ON THE DEPTH OF THE CONDITION NETWORK IN AGCM

TABLE V
QUANTITATIVE COMPARISONS ON THE CRITICAL LAYERS IN AGCM

TABLE VI
QUANTITATIVE COMPARISONS ON DIFFERENT NETWORKS FOR LE

Fig. 12. Training curves based on two different loss functions.

particularly suitable for operations that vary across different re-
gions, such as local tone mapping operators.

G. Loss Comparison

In previous works involving SDRTV-to-HDRTV [5], [6], the
L2 loss function is commonly employed to optimize networks,
as well as in tasks dominated by color mapping [8]. Thus, we
adopt this loss function to optimize AGCM in the initial work.
Our experiments, however, indicate that the choice of loss func-
tion significantly impacts performance for SDRTV-to-HDRTV.
As shown in Fig. 12, we compared training curves using L1 and
L2 loss functions. The model optimized with L1 loss exhibits
notably better results than with L2 loss. Previous studies, such

as [64], have also demonstrated thatL1 loss often achieves better
convergence and higher final performance in image restoration.
Therefore, in this study, we utilizeL1 loss to optimize the AGCM
network. As demonstrated in Table I, AGCM++ achieves signif-
icantly improved performance compared to the original AGCM.

H. Conversion From Base Network to 3D LUT

3D LUTs are widely used in real-world applications for
image style and tone manipulation, especially in movie post-
production, as part of the digital media process. Many tools
directly use the costumed 3D LUT to edit images, thereby con-
structing available SDRTV-to-HDRTV 3D LUTs is of great
value for practical applications. In this section, we show that the
base network in our method can be converted into a SDRTV-to-
HDRTV 3D LUT with acceptable performance loss. Concretely,
we take a 3D grid composed of SDRTV colors as the input to the
network and obtain the corresponding HDRTV colors. We can
then build a lookup table based on these paired data. When per-
forming color transformation, we can use lookup and trilinear in-
terpolation operations as [8]. As shown in Table VII, we present
the results of two settings for converting our base network to
3D LUT. Conversion to a small 3D LUT with 33 nodes (i.e.,
3DLUT_s33) results in minimal performance drop (0.16 dB),
while a large 3D LUT with 64 nodes (i.e., 3DLUT_s64) almost
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TABLE VII
QUANTITATIVE COMPARISONS OF THE BASE NETWORK WITH ITS CONVERTED 3D LUTS

Fig. 13. User study rankings for different methods. Rank 1 means the best
subjective feeling.

maintains performance. This demonstrates the flexibility of our
base network to be converted an available SDRTV-to-HDRTV
3D LUT. Furthermore, our base network’ efficiency (with only
5 k parameters) allows for efficient training, and it allows modu-
lation according to the condition network to generate customized
3D LUTs.

I. User Study

In the conference version, a user study is conducted with 20
participants to evaluate HDRTVNet’s visual quality compared
to four top-performing methods. For the experimental setup, 25
images are randomly selected from the test set and display in
a darkroom on an HDR TV (Sony X9500 G, peak brightness
1300 nits) configured to the Rec.2020 color gamut and HDR10
standard. We then instruct the participants to consider three main
factors when evaluating the images: (1) the presence of artifacts
and unnatural colors, (2) the naturalness and comfort of the over-
all color, brightness, and contrast, and (3) the perception of con-
trast and highlight details. Using these criteria, participants rank
the images in each scenario.

The results of five approaches including KovaleskiEO [58],
Pixel2pixel [4], Deep SR-ITM [5], Ada-3DLUT [8] and
HDRTVNet [3], along with the ground-truth (GT) images are
compared. When ranking the images for a specific scene, par-
ticipants can view six images from different methods simulta-
neously or compare any two images until they determined the
ranking. The counts of results in the top three ranks are pre-
sented in Fig. 13. The GT images and HDRTVNet account for
41.6% (208 counts) and 17.2% (86 counts) of the results con-
sidered to have the top-ranked visual quality, respectively. Sim-
ilarly, HDRTVNet accounts for 35.4% of the results considered
to generate the second-best results. In conclusion, HDRTVNet’s

Fig. 14. User study rankings for HDRTVNet and HDRTVNet++. Rank 1
means the best subjective feeling.

results are only inferior to the GT images in terms of visual ex-
perience in subjective evaluation. We further implement a user
study to compare the results by our proposed HDRTVNet++
with the previous HDRTVNet [3]. Participants are asked to rank
each set of images in this experiment using the same settings as
above. As shown in Fig. 14, the ground-truth still achieve the best
visual quality, while HDRTVNet++ shows a better ranking over
HDRTVNet. HDRTVNet++ accounts for 59.2% (296 counts)
of the results considered to have the second-best visual qual-
ity, which greatly outperforms HDRTVNet 23.8% (119 counts).
These results demonstrate the superiority of our method in terms
of objective visual quality.

VI. CONCLUSION

This paper introduces a new SDRTV-to-HDRTV solution
pipeline, leveraging a divide-and-conquer strategy based on
the SDRTV/HDRTV formation process. Additionally, we de-
velop HDRTVNet++ to address this challenge effectively. Our
approach distinguishes between pixel-independent and region-
dependent operations in the formation pipeline, allowing us to
implement adaptive global color mapping and local enhance-
ment separately. We design a new color condition network,
which offers improved performance with fewer parameters com-
pared to existing methods, to facilitate SDRTV-to-HDRTV color
mapping. For enhanced visual results, we employ generative ad-
versarial training to refine highlights. Furthermore, we construct
a new HDRTV dataset for rigorous training and testing. Exten-
sive experiments show the superiority of our solution, demon-
strating significant improvements on both quantitative metrics
and visual quality.
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