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1 INTRODUCTION
Line art colorization is a critical process in animation production,
but this procedure is usually tedious and time-consuming. There are
hint-based colorization tools [LvMin Zhang and Liu 2018], but they
fail to transfer colors to a new sketch without user intervention.
GAN-based style transfer methods [Goodfellow et al. 2014] focus
on style rather than correct colors, and suffer from color bleeding.
GAN models are also data hungry, since they need lots of training
examples to generalize, which are not readily available in animation
industry. In addition, color propagation methods [Meyer et al. 2018]
target mainly grayscale photos. Compared to this kind of data, line
arts lack texture information.

In this work, we propose a deep architecture to colorize line arts
based on a reference image by finding corresponding (connected)
components. The proposed method is inspired by Universal Cor-
respondence Network [Choy et al. 2016]. Here, we apply U-net
[Ronneberger et al. 2015] for feature extraction on component level
instead of pixel level. After decomposing a line art into a set of
components, we extract, for each component, an embedding vector
by a network. These embeddings are used to determine component
correspondences between the reference and a target line art, so
reference colors can be propagated onto corresponding regions.

2 OUR APPROACH
The input to our solution consists of a color reference image I ,
its line art version A and a target line art B. Practically, drawing
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Figure 1: The sample output of our colorization method.

closed continuous sketch strokes is not natural to artists, but non-
continuous strokes lead to poor performance of component extrac-
tion. Thus, our first step relies on automatic correction of compo-
nents with open contours in the line arts. We use Fourey’s algo-
rithm [Fourey et al. 2018] to detect all endpoints of non-continuous
strokes in the image and connect them based on their orientation.

Then, we extract connected components of line arts A and B, as
well as component label maps LA and LB . We compute Humoments
of each component as shape features, and propagate these moments
onto component regions in LA and LB to get input feature maps
FA and FB . The features at a point are set to be the shape features
of its parent component.

FA(x ,y) = Hu(Ai ) if LA(x ,y) = i (1)

where (x ,y) is a point in component i and Ai is the shape of com-
ponent i . The purpose is to provide more context for further steps,
instead of black-and-white input.

In the next phase, the shape feature map of each line art (FA
or FB ) is fed to a U-net (Figure 2). We use CoordConv [Liu et al.
2018] for location information. We need to learn high-level context,
such as relations between components, but we don’t want to stack
many layers to the U-net and increase the processing time. Instead,
we keep the U-shape structure shallow, and add more convolution
blocks to the bottom of the U-net. The resulting feature map will be
upsampled and concatenated to the last layer of U-net. We compute
the final feature map by another convolution block to merge high-
level and low-level features from two branches. After computing
this feature map, we do average pooling over these features accord-
ing to the component label map (LA or LB ) to get embeddings for
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Figure 2: Network architecture.

each component.

SA(i) =
1
Ni

∑
LA(x,y)=i

G(FA)(x ,y) (2)

where (x ,y) is a point in component i , G is our network and Ni is
the size of component i . This operation is implemented by matrix
multiplication between the output feature map and the component
label map. The output of this step is two sets of embedding vectors
SA (from FA and LA) and SB (from FB and LB ).

The output embeddings SA and SB are used for component cor-
respondences. We compute pair-wise cosine distance between com-
ponent embeddings in SA and SB . For each component in SB , we
match with a component in SA where distance is minimum. After
finding all matches, we propagate the color of each reference com-
ponent in I to the corresponding region in the target line art and
get the final colorized output.

We train the network by triplet loss [Schroff et al. 2015]. The goal
of this loss function is to minimize the distances between matching
components and penalize low distances between different compo-
nents. Given an anchor u in the target line art, its corresponding
reference component vp and a negative component vn , the loss is
defined by:

Loss(u) = d(u,vp ) +max(0,K − d(u,vn )) (3)

where d is cosine distance and K is margin. We use color infor-
mation and hand-crafted features in two ground truth pictures
to generate positive component matches. As we know the color
of each component, we can keep only certainly correct matches.
On the other hand, negative matches are chosen by hard example
mining.

3 RESULTS
Our training dataset has 134 shots with 1146 images, and our test
dataset has 90 shots with 640 images. We show the results of our
evaluation in Table 1.

Table 1: Evaluation results.

acc-component processing time
hand-crafted features 63.66% ± 19.96 9.51s ± 20.29

ours 81.16% ± 23.27 11.05s ± 4.64
ours (traditional U-net) 79.61% ± 25.32 12.43s ± 4.71

We display an example of our output in Figure 1. Our first key
finding is that the network can learn useful embeddings for compo-
nent correspondences. As we see, most components are colorized
correctly, even when their motions across frames are noticeable.

We compare our network architecture with a traditional U-net
with more layers, and more filters at each layer. Although this
baseline network has more parameters, its accuracy is not as good
as our proposed architecture. We conclude, for our second key
finding, our architecture is better for this problem, where global
context is more important than fine details.

4 CONCLUSION
In this work, we propose a line art colorization method that com-
bines hand-crafted feature extraction and neural networks to match
components between two line arts, so that reference colors can
be propagated onto target regions. We conduct experiments and
demonstrate the effectiveness of our method, compared to using
only computer vision techniques.

For future work, we want our method to be less dependent on
continuous sketch strokes, by matching on pixel level instead of
component level.
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