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Abstract. Image harmonization aims to modify the color of the com-
posited region according to the specific background. Previous works model
this task as a pixel-wise image translation using UNet family structures.
However, the model size and computational cost limit the ability of
their models on edge devices and higher-resolution images. In this pa-
per, we propose spatial-separated curve rendering network (S2CRNet),
a novel framework to prove that the simple global editing can effec-
tively address this task as well as the challenge of high-resolution im-
age harmonization for the first time. In S2CRNet, we design a curve
rendering module (CRM) using spatial-specific knowledge to generate
the parameters of the piece-wise curve mapping in the foreground re-
gion and we can directly render the original high-resolution images us-
ing the learned color curve. Besides, we also make two extensions of
the proposed framework via cascaded refinement and semantic guid-
ance. Experiments show that the proposed method reduces more than
90% parameters compared with previous methods but still achieves the
state-of-the-art performance on 3 benchmark datasets. Moreover, our
method can work smoothly on higher resolution images with much lower
GPU computational resources. The source codes are available at: http:
//github.com/stefanlLeong/S2CRNet.

1 Introduction

Image composition (or image splicing in multimedia security) is a popular and
necessary tool for image editing. However, in addition to the serrated edges
caused by the irregular borders, the “style” disharmony occurs when we di-
rectly copy source regions (foreground) to the host image (background). The
disharmony will degrade the quality of the composited images, which also can
be distinguished by the human eyes easily. In general, handling this gap requires
the professional editing of the well-knowledged experts. Thus, the task of image
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Fig.1: (a) Our methods outperform other methods using much less parameters
under the same setting (testing in 256 256 resolution). (b)-(f) Given a high-
resolution image (originally 2048 2048 in this example), our method shows
much better performance, lower computational cost (MACs) and faster speed
than previous methods.

harmonization aims to squeeze this gap by leveraging some advanced algorithms,
which also has a broad impact on image editing, relighting and augmented real-
ity [38,22].

Traditional image harmonization methods intend to manually adjust and
modify the specific features in the composite images, such as color [21,29], il-
lumination [35] and texture [33], etc.. However, the hand-crafted and statistic
low-level features cannot work well for the diverse composite images in compli-
cated real world. Since the deep convolutional neural network (CNN) has reached
impressive performance in many computer vision tasks, several attempts have
also been made to address image harmonization tasks. For example, the semantic
clues [34,32], the spatial differences of the neural network [5,12] and generative
adversarial network (GAN [9]) based methods [4,3] have been proposed follow-
ing the encoder-decoder based structures (UNet [30,18]) for pixel-wise prediction.
Thus, as shown in Figure 1(a), the speed and computational cost are sensitive
to image resolution because those structures require to predict the pixel-wise
results. Besides, their model sizes are too large for the edge devices, such as mo-
bile phone. The problems mentioned above restrict the applying range of their
methods since the real-world images editing are at any resolution. Furthermore,
further evaluations at high-resolution images would be also downgraded from
these inefficiencies.

Differently, in this paper, we rethink the image harmonization in a totally
different way: Reviewing the image harmonization process in image editing soft-
ware (€:9: PhotoShop), experts tend to adjust the global properties (color curve,
illuminant, etc.) over the whole images rather than the pixel-wise color adjust-
ment. Thus, the global editing can be enabled by considering those properties as
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(a) Previous methods (b) Ours

Fig. 2: We learn global mappings for image harmonization and are totally differ-
ent from previous methods [5,4,3,32,12,34,11,23] that consider it as a pixel-wise
image-to-image translation task.

the mapping function of the pixels intensities. Moreover, this global adjustment
is reliably efficient at any resolution images without extra expense of computa-
tional cost.

Above observation inspires us to doubt the effect of the locally-aware edit-
ing networks in previous image harmonization methods and learning the global
editing curves of the composite foreground in terms of efficiency as shown in
Figure 2. Hence, a novel curve rendering module (CRM) is designed to pro-
duce the image-adaptive parameters of the curves that we will use to render the
composite image. Specifically, we first separate the composite image into fore-
ground /background regions using the given foreground mask. Then, we extract
the global high-level features from both regions by a shared pre-trained general
feature extractor (SqueezeNet [17] or VGGI16 [31]). Particularly in CRM, the
extracted features from foreground / background are learnt by a single layer lin-
ear projection for each region separately. Finally, the combination of these two
spatial-specific features will be represented as the parameters of color curves, and
we render the original foreground for each color channel with the approximate
curves we learned.

Furthermore, we also make two extensions to the proposed framework. On
one hand, we propose semantic-CRM. Since different foregrounds represent dif-
ferent categories, we learn the class-aware feature embeddings for each category
individually by the user-guided foreground semantic encoding. On the other
hand, we propose the cascaded-CRM, which is also inspired by the photo editing
software since the image editing process generally contains multiple steps. In our
implementation, we predict different domain embedding to achieve this goal via
a cascaded prediction. Benefit by the proposed framework, our method shows a
significantly better performance than previous state-of-the-art image harmoniza-
tion networks with only 2% (25% using VGG16 backbone) of the parameters.
Besides, our method can also run much faster than most previous methods with
few computation cost on high-resolution images.

Our main contributions are summarized as follows:
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{ We nd that the image harmonization can work well with the global editing
method for the rst time. To this end, we introduce a novel spatial-separated
curve rendering network ($CRNet), which also enables our method for ef-
cient and high-resolution image harmonization.

{ We show the extension ability of the proposed 3CRNet via better backbones
or enhanced curve rendering module (CRM) via the Cascaded-CRM and
Semantic-CRM.

{ Experiments show that our method can achieve state-of-the-art performance
and run much faster than the previous methods, while using fewer parame-
ters and lower computational cost.

2 Related Works

Image Harmonization.  Traditional image harmonization methods aim at im-
proving composite images via low-level appearance features, such as manually
adjusting global color distributions [2,1], applying gradient domain composition
[19,28] or manipulating multi-scale transformation and statistical analysis [33].
Although these methods achieve preliminary results in harmonization tasks, the
realism of the composite images cannot be visually guaranteed.

As the deep learning approaches has been successfully applied to the com-
puter vision tasks, [39] back-propagate a pre-trained visual discriminator model
to change the appearance harmony of the composite images. Later, further re-
searches consider this task as an image to image translation problem. For ex-
ample, additional semantic decoder [34] and pre-trained semantic feature [32]
are used to ensure the semantic consistence between the composite inputs and
harmonized outputs. Another noticeable idea is to model the di erences between
the foreground and background with the given mask. For example, novel spatial-
separated attention module [5,12] under image-to-image translation framework;
Domain-guided features as the discriminator of GAN [4] and as additional in-
put [3]; masked-guided spatial normalizations [23,11] for the foreground and
background respectively. However, all the previous deep networks still model
this task as a pixel-wise image to image translation problem using an encoder-
decoder structure, which su ers from computational ine ciency and may de-
grade the performance and visual quality on high-resolution inputs.

E cient Network Design for Image Enhancement. E cient networks
designed for edge devices have also been widely-discussed in computer vision
tasks [15]. For image enhancement, [8] introduce the deep bilateral learning for
high-resolution and real-time image processing on mobile devices. Also, learn-
ing the image-adaptive global style features shows promising results in Expo-
sure [16] , CURL [26] and 3DLUT [36] for global image enhancement. Besides,
Guo etal: [10] design a high-order pixel-wise curve function for low-light en-
hancement. Since our image harmonization task can be considered agegional
image enhancement problem, it is natural to leverage the style curve to image
harmonization tasks. However, di erent from the networks for image enhance-
ment [16,26,36] and low-light enhancement [10], image harmonization methods
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Fig. 3: The overview of the $CRNet, including CRM and its two variants: SCRM
and Cascaded-CRM/SCRM.

rely on regional modi cation under the guidance of the background. Thus, we
design the network structure and learn global mapping functions on this task
for the rst time.

3 Method

We rst show the overall network structure of the proposed method. Then, we
give the details of Curve Rendering Module (CRM) and its variants, which are
the key components in SCRNet, including CRM, Semantic-CRM (SCRM) and
their cascaded extensions. Finally, we discuss the loss functions.

3.1 Overall Network Structure

As shown in Figure 3, given a high-resolution composite imagéc,m 2 R H W
and its binary mask M 2 Rt " W of the corresponding foreground, we rst
get the thumbnail image lgpump, 2 R® " W and the mask M® 2 Rt " W py
down-sampling I .om and M with a factor of H=h for fast inference and the
minimal computational cost. For the spatial-separated feature encoding, we rst
segment the thumbnail imagelwmp into foreground and background via the
mask M ® and inverse maskM 2, =1 MY respectively. Next, given the fore-
ground lfore = lgwmp M9 and background lpack = lewmn M2, images,
we use a shared domain encoder to extract the spatial-separated features for
foreground and background respectively. Here, we choose the SqueezeNet [17]
as the domain encoder (backbone), which is pre-trained on the ImageNet [7]
and we only use the rst 12 layers to get deeper color feature embedding. We
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