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Abstract

Image harmonization has been significantly advanced with large-scale harmonization
dataset. However, the current way to build dataset is still labor-intensive, which adversely
affects the extendability of dataset. To address this problem, we propose to construct
rendered harmonization dataset with fewer human efforts to augment the existing real-
world dataset. To leverage both real-world images and rendered images, we propose a
cross-domain harmonization network to bridge the domain gap between two domains.
Moreover, we also employ well-designed style classifiers and losses to facilitate cross-
domain knowledge transfer. Extensive experiments demonstrate the potential of using
rendered images for image harmonization and the effectiveness of our proposed network.

1 Introduction

Image composition [33] combines foreground from one image and background from another
image into one composite image. However, due to the appearance discrepancy caused by
different capture conditions (e.g. weather, season, time of the day) of foreground and back-
ground, the quality of composite image might be greatly degraded. Image harmonization
aims to diminish the discrepancy by adjusting the appearance of the composite foreground
according to the background. Recently, many deep learning based harmonization methods
[4,7, 15,17, 28, 38, 45] have achieved promising results.

Deep learning based methods require a large-scale training set that contains pairs of com-
posite images and corresponding harmonized results. However, it is nontrivial and infeasible
to collect abundant training pairs by manually harmonizing composite images. So inversely,
[45] and [4] take real images as the ground-truth and adjust foreground appearance to gen-
erate synthetic pairs of composite images and ground-truth images. Though the above data
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Figure 1: Take “human” as an example novel category. Left sub-figure: illustration of train-
ing and test images from base categories and novel categories. Right sub-figure: image pairs
from rendered image domain and real image domain. Images in orange (resp., green) are
from rendered (resp., real) image domain. The foregrounds are outlined in red.

acquisition is feasible in implementation, it still requires manual labor for foreground seg-
mentation and unqualified composite image filtering [4], which hinders the extendibility of
harmonization dataset. For example, the foreground category of test composite images may
be out of the scope of training set and we observe that cross-category harmonization suf-
fers from a performance drop (see Section 5.2). However, extending the dataset to include
novel foreground categories requires heavy human efforts. In the remainder of this paper,
the category of a composite image means the category of its foreground to be harmonized.

In this work, we propose to construct image harmonization dataset using 3D rendering
techniques, which can escape from heavy manual efforts and supplement existing real-world
harmonization dataset. Specifically, we utilize 3D rendering software Unity3D to generate
rendered 2D scenes, and we leverage its plugin UniStorm to generate a group of images
with different capture conditions for each 2D scene. Since it is effortless to obtain accurate
foreground masks in Unity3D, we could exchange the foregrounds within images from the
same 2D scene, then obtain abundant pairs of composite rendered images and ground-truth
rendered images.

Suppose that a real-world (“real” for short) harmonization dataset has real images from
base categories, we can enrich this dataset using rendered images from novel categories.
Then, as in Figure 1, the image harmonization model could be trained on the combination
of rendered images and real images, and tested on real images from both base and novel
categories. This is a practical setting when our goal is enhancing the performance on novel
categories which are out of the scope of real dataset.

In this work, we contribute a Rendered Image Harmonization dataset RdHarmony, which
totally contains 6 categories (“human", “bottle”, “cake”, “motorcycle”, “cow”, and “couch”).
In the main paper, we mainly take “human” as an example novel category because human
harmonization is rather challenging and of paramount interest for many applications (e.g.,
augmented reality [42, 49]). The experiments using the other five categories as novel cate-
gories are left to the Supplementary.

However, models trained on rendered images (source domain) would suffer from a per-
formance drop when applied to real images (target domain) (see Section 5.2), owning to
considerably different data distributions between two domains, which is typically known as
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domain gap [44, 52]. Hence, we propose a ndvedss-domairharmonization Network
namedCharmNet to align two domains when training with a combination of real image
and rendered images. Our CharmNet has three stagesiofhain-speci ¢ encoding stage
projects data from both domains to the same shared domain, where the projected fea
of two domains are further aligned with an adversarial loss. Thenddimeain-invariant
encoding-decoding stagamcourages information sharing between real and rendered imag
Thedomain-speci ¢ decoding stagwojects the domain-invariant features back to differen
domains by enforcing the features to reconstruct the ground-truth images in each domai

Moreover, by naming different capture conditions as different “styles”, we can eas
obtain the style labels of rendered images using UniStorm. Therefore, we can explic
exploit such information to facilitate cross-domain knowledge transfer. We assume that
input features before the second stage are inharmonious and the output features after th
ond stage are harmonious, so that the harmonization process is shared across two do
and more useful information can be transferred from rendered image domain to real im
domain. For rendered images, their style labels before and after harmonization are ree
available, which could be used to supervise style classi cation. For real images, their si
labels before and after harmonization are unknown, but we assume that the style disti
tion should become more concentrated after harmonization because the foreground sty
adapted to the background style. Hence, we propose a novel Style Aggregation (SA) los
enforce the style distribution to be more concentrated after harmonization. To verify the
fectiveness of our proposed network, we conduct comprehensive experiments on real ds
iHarmony4 and our contributed rendered dataset.

Our contributions are summarized as follows: 1) We investigate on the cross-dom
and cross-category issues in image harmonization; 2) We have contributed and release
rst large-scale rendered image harmonization dataset RdHarmony; 3) We propose the
cross-domain image harmonization network CharmNet with novel network architecture :
style aggregation loss; 4) Extensive experiments on real and rendered datasets demon
the potential of using rendered images for image harmonization.

2 Related Works

2.1 Image Harmonization

Image harmonization has drawn increasing attention in the eld of computer vision. Ea
works [21, 25, 35, 36, 37, 39, 41, 43, 50] mainly focused on manipulating the low-lev
image statistics, such as matching color distributions [36, 37], applying gradient-dom
compositing [21, 35, 43], and mapping multi-scale statistics [41]. Recently, deep learn
based methods [4, 5, 14, 22, 45] spring up rapidly. [38, 45] both leveraged auxiliary
mantic features. [4] released the rst large-scale image harmonization dataset iHarmo
and introduced a domain veri cation discriminator pulling close the foreground domain a
background domain. [7, 17] explored various attention mechanisms. [14, 15] harmoni
composite images by harmonizing re ectance and illumination separately. [28] proposec
explicitly formulates background style and adaptively applied it to the foreground, which
extended in [16] by extracting the local background style relevant to the foreground. [6] p
posed to combine pixel-to-pixel transformation and color-to-color transformation in a uni
framework. Different from existing methods only using real images, we are the rst to u
both real images and rendered images to train a cross-domain image harmonization mo
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2.2 Domain Adaptation

Domain adaptation strives to reduce the distribution mismatch and make the model trained
source domain generalize well to target domain. In our task, real images and rendered imag
are treated as two domains. Domain adaptation has been studied widely in classi cation [1
13, 32], detection [1, 2, 19, 24], segmentation [12, 47, 52, 55], person re-identi cation [8,
9, 48], and pose estimation [40, 53]. In the above applications, the label/output spagces (
class label, segmentation mask) are the same between two domains. However, in ime
harmonization, the input and output spaces are the same in each domain but different acr
domains. Therefore, previous domain adaptation methods cannot be directly applied to o
task. To the best of our knowledge, we are the rst to address such a challenging task in tt
realm of domain adaptation.

Another possible domain adaptation approach is to translate images from the sour
domain to the target domain using Image-to-Image (121) translation methods [3, 18, 20, 2:
26, 27, 29, 30, 31, 34, 54], so that the translated images can be used for any downstre:
tasks. Nevertheless, during experiments, we observe that 121 translation methods have p
performance when translating rendered images to real images because they severely dis
the illumination statistics. Therefore, I12] translation methods are ill-suited for our task.

3 Dataset Construction

We construct a rendered image harmonization dataset RdHarmony that contains rendel
images with foregrounds of “human” category and other 5 object categogeshottle”,
“cake”, “motorcycle”, “cow”, and “couch”.

The whole process can be divided into two steps. The rst stgposnd-truth rendered
image generation We place various 3D characters of each novel category in different 3D
scenes using Unity3D, and vary the camera viewpoints to generate 2D scenes. Meanwhi
we utilize UniStorm to control the weather and time. Note that UniStorm is a weather syster
plugin for Unity3D, which can simulate real-world natural phenomena by setting multiple
attributes €.g, light intensity, illumination color). With UniStorm, each 2D scene could
produce a group of images with different capture conditidies (veather, time), which are
referred to as different styles. In this work, we focus on natural lighting conditions be-
cause most images in iHarmony4 [4] are captured in natural lighting conditions. We select
representative weathers (Clear, Partly Cloudy, Cloudy) from UniStorm with pre-de ned val-
ues. And we split time-of-the-day into 4 distinct phases (sunrise&sunset, noon, night, othe
times) by sampling every 5 minutes from 5:00 am to 21:00 pm. Based on the combinatior
of weather and time-of-the-day, we de ne 10 representative styles, including the night sty
as well as styles of Clear/Partly Cloudy/Cloudy weather at sunrise&sunset/noon/other-time
Note that each style is not a discrete style, but covers a range of illumination intensity an
direction.

The second step isomposite rendered image generatidfor each 2D scene, we treat
one 3D character as foreground and obtain the foreground mask effortlessly using Unity3L
By exchanging the foregrounds of ground-truth rendered images in the same 2D scene w
each other, we can produce composite rendered images with mixed styles. We de ne tl
style label of the ground-truth rendered image as a 10-dim one-hot vector. Inspired by [51
we de ne a soft style label for the composite rendered image, which mixes the foregroun
and background style labels according to the foreground and background area ratio.
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Figure 2: The network architecture of CharmNet, which contains two three-stage general
a domain discriminatoD, and two style classi er®" andP°, The data ow of real (esp,
rendered) images is marked with greegsf, orange) lines.

For “human” category, we generate 15,000 ground-truth rendered images with 1,
different 2D scenes, and produce 135,000 rendered training pairs. For each object cate
(“bottle”, “cake”, “motorcycle”, “cow”, and “couch”), we create 9,000 rendered training
pairs. Totally, our RdHarmony has 180,000 pairs of composite rendered images and grol

truth rendered images. More details about RdHarmony are left to the Supplementary.

4 Our Method

In this work, we focus on training an image harmonization network using a combination
rendered image pairs and real image pairs. In the training stage, we have access to ren
(rd) image pair$1™;1g from novel categories and real (1) image pdir8;1™ g from base
categories, wher&d (resp, I") denotes the composite rendereelsp, real) image and'™
(resp, I"™) denotes the corresponding ground-truth renderesp( real) image. We also
have access to the binary foreground misiskwhich is not distinguished between domains.
Given a composite rendere$p, real) imagd™ (resp, I") and maskM, the goal of image
harmonization is to reconstrutt (resp, 1) with the harmonized renderedeép, real)
imageIArd (resp, fr'). In the testing stage, we aim to harmonize composite real images frc
both base and novel categories.

4.1 Cross-domain Harmonization Network

As stated in Section 2.2, after harmonization, the composite rendesa ¢eal) image is
converted to harmonized rendereddp, real) image. They share neither input space no
output space, so we design a three-stage network for cross-domain harmonization, inc
ing a domain-speci ¢ encoding stage, a domain-invariant encoding-decoding stage, ar
domain-speci ¢ decoding stage.

The pipeline of our network is shown in Figure 2. The gener@adopts the improved
backbone iDIH proposed in [38], where an image blending layer is added to the UNet-I
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architecture. Since both input space and output space are different across two domains,
split the rst (resp, last) 4 layers in the encodaeép, decoder) int&™ (resp, D) andE"
(resp, D), whereE™ (resp, E") andD™ (resp, D) are the domain-speci ¢ encoder and
decoder for the renderedeép, real) image domain.

After the domain-speci ¢ encoding stage, we assume that images from different domain
are projected into the same feature space. Inspired by [10, 11], we employ a domain discrir
inator D with adversarial loss [46] to further align two domains, which is given by

Lp= E[max0;1 D(f')]+ E[max0;1+ D(FY)]; L%= EDFEY; (1)

Wheref{r‘,’ (resp, f{r',) denotes the feature extracted by the domain-speci c enddgfresp,

E™) in the renderedrésp, real) image domain. By playing a minimax game, the discrimi-
natorD encourages the encod&$ andE" to project rendered and real images to the same
feature space.

Then, through the domain-invariant encoder-decoder, the knowledge of harmonizatic
is transferred from rendered image domain to real image domain. Finally, the third stag
projects the domain-invariant features back to the input domain, by enforcing the harmonize
output to approach the ground-truth image in each domain:

Lige= ki 1k Lige=ki" 17ky: )

4.2 Style Classi ers and Style Aggregation Loss

When a composite rendered image passes through our three-stage network, we assume
the input feature before the second stage is inharmonious with mixed styles, while the outp
feature after the second stage is harmonious with a uni ed style. With this assumptior
the main harmonization process is accomplished in the second stage, so that more use
knowledge can be transferred from rendered images to real images. Therefore, we empl
two auxiliary style classi ers positioned before and after the second stage.

Because rendered images are associated with ground-truth style labels, we adopt stanc
cross-entropy classi cation losses for the inharmonious input fea‘fﬁlrand harmonious
output featurd!d,, which is given by

K K
Lin= & WIoghR® fil & Louw= & WloghR™™ oy (3)

k=1 k=1
whereK is the number of styleK(= 10 as mentioned in Section 3)“‘ Tresp, yrd) is the
k-th entry of style label vector for the compositesp, ground-truth) rendered imagé
(resp, 1'%). The style label vectors of rendered images have been introduced in Section :
P (resp, P°Y) is the style classi er beforerésp, after) the second stagg"( ) or POY( )
is thek-th entry of predicted style distribution.

For real images without ground-truth style labels, standard classi cation loss cannot b
used. Since the foreground style should be harmonized to the same as background st
during harmonization, we design a novel style aggregation (SA) loss composed of two los
terms based on the following two assumptions. Firgly,is likely to have one style only if
fil has this style. Thus, we adopt the weighted classi cation loss:

RO fin logR™ foy ©)
1

—
==
1]
ﬁmox
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Intuitively, if B fflis small, 2" ffl,, would also be penalized. Because rendered image
and real images are projected to the same feature space after the rstPtaae]P°" are
shared across two domains.

Secondly, the style distribution &, should be more concentrated than thatpfSince
entropy depends on concentration and lower entropy implies higher concentration, we |
pose an entropy reduction loss to guarantee that the style distribution becomes more cor
trated after harmonization:

_ K
LEr= max0;m+ a ¢ flh logR® i & R o logRM oy ) (5)
k=1 k=1
wherem is a margin. We wrap up the above two loss terms as a style aggregation |
Ld,= Ll + LE,. Therefore, the total loss function for training the generators is

Le= Lrgc"' Lrec"'ladvl—g"'l y(er+Lrut)+ Isty SA; (6)

wherel aq | S'ty, andl ”yare trade-off parameters. More implementation details can be foul
in the Supplementary.

5 Experiments

5.1 Dataset

Rendered Image Dataset RdHarmonycontains 180,000 pairs of composite rendered im
ages and ground-truth rendered images. Note that we sample 65,000 pairs with “hun
foregrounds from maximal 135,000 pairs to train the harmonization network, aiming to |
duce data redundancy and improve training ef ciency.
Real Image Dataset iHarmony4 [4]contains 73,146 pairs of composite real images an
ground-truth real images. In the main experiments, we treat “human” as an example n
category and other categories as base categories. The training set is split into novel tra
set (18,718 pairs) from “human” category and base training set (47,024 pairs) from ot
categories. Similarly, the test set is splitinto novel test set (1670 pairs) and base test set (
pairs). Experiments of the other 5 object categories could be found in the Supplementar
Formally, we denote the rendered training set from novel categof:}{dqsand the real
training set from basedsp, novel) categories a@trb (resp, D rn) We denote real test set
from base ifesp, novel) categories a@” eb (resp, D{'en) By default, we mergéi)trn and

Dr| rp @s the whole training set, and evaluate on hbtﬁpo anthen (see Figure 1).

5.2 Preliminary Results

We evaluate the performance of cross- category harmonization and cross-domain harmo
tion. We train iDIH onDtm, Dl rp and Dtrn separately and test dhten As the size of

Dtrn is N = 18718, we sampl8l training images frorTDtrb (i.e, Dtr p(sub) andDtrn (i.e,

trn(sut)) for fair comparison. From Table 1, we observe that although cross-category h
monization could harmonize the composite images (columa.8olumn 1), its performance
is much worse than within-category harmonization (columns3column 2). We also ob-
served that cross-domain harmonization hurts the performance badly, which demonst
the large domain gap between rendered images and real images (colusncodumn 2).



8 CAQO, CONG, NIU: DEEP IMAGE HARMONIZATION BY BRIDGING THE REALITY GAP

# 1 2 3
Training data - DI, DT, (suh trn(sut)
fMSE# 931.74 386.36 486.54 1100.86
PSNR 33.29 35.71 34.64 31.25

Table 1: Results of models trained &4, D“b(sub andD{d,(sub and tested oD{L..
“-" denotes the metrics directly tested on the composite real images.

. Ditn Ditp

# | Training data Method MSEF TMSEF PSNR | MSEF  TMSE# — PSNR

T Tnput Composite | 16674 93174  33.29| 17734 150592  3L15
2 DoveNet [4] 69.06 45815  3501| 6587 67457  33.94
3 Haoetal [17] | 52.42 407.26 3543 | 5821 58279 3454
4 DI, iDIH [38] 4667 41771 3521 5303 566.96  34.77
5 RainNet[28] | 5840 52536  34.97| 59.54  701.07  34.44
6 Guoetal [15] | 49.92 41621 3558| 5231  577.16 3501
7 two-stage training| 43.06 383.39 35.67 | 49.56 533.10 34.98
8 dataset fusion 38.31 368.50 35.64| 44.15 485.94 35.27
9 | DM, &D!, UNIT [29] 5509 45872  34.74| 5621  607.14 3438
10 CycleGAN[54] | 51.82 47478  34.64| 56.30  592.33 3452
11 CUT [34] 4859  427.25 3514 5281 57253 3472
12 CharmNet 3083 29640 3660 3941 43219 3583
13 | DI, &D1, iDIH [38] 2771 25917  37.12| 3617  422.98  36.04

Table 2: Results of models trained on various training data and testéq’equteb
" denotes metrics directly tested on composite real images. Note that row 13 using re.
training |magei)tr n from novel category serves as the upper bound.

In summary, without real training images from novel categbf&n, solely uslngDtrb
or usingD{Z,, will both lead to sub-optimal performance, which motivates us to train with a
combination oD}, andDy{f,.

5.3 Main Results

As shown in Table 2, we divide baselines into two groups according to their used trainin
data. The rst group contains recent image harmonization baselines (row 2 to row 6) [4, 1-
17, 28, 38] that are trained with onDtrb Among them, iDIH [38] achieves competitive
performance. Although the recent method [6] achieves better performance, we opt for iDIt
due to its simple network architecture. Thus, the rest of baselines (row 7 to row 12) an
our method are aII built upon iDIH. The second group contains domain adaptation mode
trained with bottD{4, anthr p- Since there are no existing domain adaptation methods that
could be directly apphed to our task, we evaluate two straightforward methegyo-stage
training and dataset fusion, as well as Image-to-Image (121) translation methods [29, 34, 5
for comparison. Speci cally, two-stage training means training vlmﬁn and ne-tuning

with Dtrb Dataset fusion means directly training with a mixtureDgf,, and Dtrb For 121
translation methods, we train UNIT [29], CycIeGAN [54], and CUT [34] to translate from
rendered |mage domal]itrn to real image domanli)trb Then, we use translat@l{ﬂn to
augmenD rp s the new training set.

The results of the second baseline group are also reported in Table 2. Two-stage traini
only brings minor performance gain (rowvis. row 4), probably because the statistics of
real image domain are only considered during the second stage. The dataset fusion mett
improves the performance by a large margin (rows3row 4), which indicates that RdHar-






