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Introduction

Our CharmNet consists of three stages (i.e., the domain specific 
encoding stage, the domain-invariant encoding-decoding stage and the 
domain specific decoding stage).

Image harmonization aims to diminish the discrepancy by 
adjusting the appearance of the composite foreground
according to the background.

- Datasets: We split the categories of the composite 
images into two disjoint sets, i.e., novel categories with 
only a few or no training pairs, and base categories with  
abundant training pairs. Our RdHarmony contains 
rendered training pairs from 11 novel categories, which is 
produced by 3D rendering techniques, aiming to enrich 
the real dataset of novel categories. 

- We investigate on the cross-domain and cross-category 

issues in image harmonization.

- We have contributed and released the first large-scale 

rendered image harmonization dataset RdHarmony.

- We propose the first cross-domain image harmonization 

network CharmNet with novel network architecture and 

style aggregation loss.
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Dataset and code are available at:
https://github.com/bcmi/Rendered-Image-Harmonization-

Dataset-RdHarmony
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Results of models trained on various training data.
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- Domain specific encoding stage: Two specific encoders project 
images from real image domain and rendered image domain into the 
same feature space. A domain discriminator is used to further align 
two domains.

- Domain-invariant encoding-decoding stage: Through the domain-
invariant encoder-decoder, the knowledge of harmonization is 
transferred from rendered image domain to real image domain.

- Domain specific decoding stage: Two specific decoders project the 
domain-invariant features back to the input domain, to generate the 
harmonized output in each domain.

- Style aggregation (SA) loss: We design the SA loss to facilitate cross 
domain knowledge transfer, aiming to enforce the style distribution 
to be more concentrated after harmonization. 

Cross-category and cross-domain issues.

Col. 3 v.s. col. 2: performance drop on cross-category harmonization. 
Col. 4 v.s. col. 2: performance drop on cross-domain harmonization.

We focus on human harmonization in this work.

- CharmNet design: The main challenge in our problem is 
to bridge the gap between rendered image domain and 
real image domain. Our CharmNet is a cross-domain 
harmonization network, applying to align two domains 
when training with a combination of real images and 
rendered images.

We combine different weathers and 
time-of-the-day of rendered images 
then define 10 representative styles. 
We exchange the foregrounds of 
ground-truth rendered images in 
the same 2D scene with each other, 
producing rendered training triplets.


