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Abstract
Coloring hand-drawn comic sketches is a time-consuming and labor-intensive yet
essential task in the comic and game development industries. Therefore, this
paper proposes an automatic coloring method for hand-drawn comic sketches
based on Conditional Generative Adversarial Networks (CGAN). In the exper-
iments, a generator with a U-Net architecture is adopted, L1 loss is utilized to
constrain the network model, and during the adversarial training between the
generator and discriminator, the model continuously learns and optimizes the
mapping relationship from hand-drawn sketches to corresponding color images.
Finally, the trained conditional GAN model is employed to color the hand-drawn
sketches. Experimental results demonstrate that this approach can effectively
and efficiently color hand-drawn comic sketches while maintaining satisfactory
visual quality.
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Abstract: Colorization of manga sketches is a time-consuming and labor-
intensive yet crucial task in manga and game development. To address this
challenge, this paper proposes an automatic colorization method for manga
sketches based on Conditional Generative Adversarial Networks (CGAN). In
our experiments, we employ a U-Net structured generator and constrain the
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network model using L1 loss. Through adversarial training between the gener-
ator and discriminator, the model continuously learns and optimizes the map-
ping relationship from sketches to corresponding color images. Finally, the
trained conditional GAN model is used to colorize the sketches. Experimen-
tal results demonstrate that this approach can effectively and rapidly colorize
manga sketches while maintaining satisfactory visual quality.

Keywords: manga; sketch; colorization; deep learning; conditional generative
adversarial network (CGAN)

0 Introduction
With the flourishing development of the manga and digital media industries,
the production speed of various manga products has gradually accelerated, and
consumer demand has evolved beyond mere black-and-white line art. However,
manga creation begins with artists drawing black-and-white sketches, followed
by a series of complex processing steps before final colorization. Both the sketch-
ing and coloring stages are extremely time-consuming and labor-intensive. Due
to this time- and labor-intensive nature, many manga products on the market
today feature color only on their covers or first few pages to attract buyers’atten-
tion. Therefore, leveraging deep learning technology to automate the coloriza-
tion process in an unsupervised manner would bring qualitative improvements
in time and efficiency to manga production.

Previous image colorization methods [1–3] primarily rely on the continuity of
grayscale regions to identify areas with identical grayscale values, thereby as-
sisting image segmentation for colorization. However, black-and-white sketches
contain only contour lines, unlike grayscale images that have continuous and
hierarchically differentiated grayscale regions suitable for image segmentation.
Consequently, grayscale colorization methods cannot effectively handle sketch
colorization, as demonstrated by the grayscale colorization effects in Figure 1
[Figure 1: see original paper].

Gatys et al. [4–6] proposed an artistic style transfer method that leverages the
separability of content and style features in convolutional neural networks. This
approach extracts one feature from each of two different images and combines
them to generate a novel image whose content and style originate from the two
source images. However, applying this model to manga sketch colorization fails
to achieve proper colorization, as style does not equate to the color attribute,
nor does content correspond to the contour attribute, as shown by the style
transfer effects in Figure 1.

In 2014, Goodfellow et al. [7] introduced the pioneering Generative Adversarial
Network (GAN), a model comprising a generator and a discriminator. The gen-
erator captures the data distribution of samples, while the discriminator acts as
a binary classifier to determine whether input data originates from the generator
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or represents real data. The optimization process can be summarized as: the
generator produces images to deceive the discriminator, which then judges their
authenticity, and the entire network iteratively trains these two models adver-
sarially. As training progresses, both models become increasingly capable, even-
tually reaching equilibrium. Through this game-theoretic optimization, GANs
can generate high-quality images. However, this training approach offers exces-
sive freedom, and applying it directly to sketch colorization produces malformed
results, such as identical colors being filled in unrelated regions.

1 Methodology
This paper proposes a conditional GAN-based method for automatic manga
sketch colorization. Our approach employs a U-Net [9] encoder-decoder [10]
network structure with skip connections for the generator. The U-Net archi-
tecture, illustrated in Figure 2 [Figure 2: see original paper], allows low-level
information to directly reach the decoder, thereby preserving the underlying in-
formation. The discriminator model evaluates image authenticity at the patch
level (PatchGAN) [11], examining each generated color sketch in 𝑁 ×𝑁 patches
and averaging the responses as the final result. Additionally, an L1 constraint
term is incorporated into the network’s objective function to enhance image
clarity. The network takes black-and-white manga sketches as generator input,
adds noise via Dropout in the decoder, outputs colored manga images, and
trains adversarially with the discriminator to optimize the mapping between
color and sketch images, ultimately converging to a stable network model. The
training and testing dataset was crawled and processed from Safebooru, with
network parameters trained on GPU using PyTorch. The effectiveness of our
method is demonstrated in Figure 1 [Figure 1: see original paper].

The CGAN training process is illustrated in Figure 3 [Figure 3: see original
paper]. The generator 𝐺 receives conditional information (black-and-white
sketches) and random noise vector 𝑧 to generate color images. The discrimina-
tor 𝐷 trains on both generated and original color images, aiming to distinguish
real images from generated ones. The two networks optimize through adversar-
ial training, constructing a mapping from sketches to color images, ultimately
enabling unsupervised colorization functionality.

1.1 CGAN Principles

A GAN is a generative model comprising a generator 𝐺 and a discriminator 𝐷.
The original GAN objective function can be expressed as:

ℒ𝑐𝐺𝐴𝑁(𝐺, 𝐷) = 𝔼𝑥,𝑦∼𝑝𝑑𝑎𝑡𝑎(𝑥,𝑦)[log 𝐷(𝑥, 𝑦)]+𝔼𝑥∼𝑝𝑑𝑎𝑡𝑎(𝑥),𝑧∼𝑝𝑧(𝑧)[log(1−𝐷(𝑥, 𝐺(𝑥, 𝑧)))]

where 𝐺 strives to minimize the objective function while 𝐷 attempts to maximize
it. Previous conditional GANs have found it beneficial to combine the GAN
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objective with traditional loss functions such as L2 distance [12]. While the
discriminator’s task remains unchanged, the generator must not only deceive the
discriminator but also approximate the real output based on L2 distance. Using
L1 distance instead of L2 produces sharper results. The complete objective
function becomes:

ℒ𝐿1(𝐺) = 𝔼𝑥,𝑦∼𝑝𝑑𝑎𝑡𝑎(𝑥,𝑦),𝑧∼𝑝𝑧(𝑧)[||𝑦 − 𝐺(𝑥, 𝑧)||1]

𝐺∗ = arg min
𝐺

max
𝐷

ℒ𝑐𝐺𝐴𝑁(𝐺, 𝐷) + 𝜆ℒ𝐿1(𝐺)

Even without random noise 𝑧, the network can still learn the mapping from 𝑥
to 𝑦, but it would produce deterministic outputs and thus fail to match distribu-
tions beyond delta functions. Previous conditional GANs have addressed this
by providing Gaussian noise 𝑧 and input image 𝑥 to the generator. In our im-
plementation, noise is supplied via dropout applied to several generator layers
during both training and testing. This enables the model to produce stochastic
outputs and capture the full entropy of the distribution. Besides dropout noise,
minimal randomness can also be observed in the network’s final output.

1.2 Network Architecture and Implementation Details

Our model comprises a generator and a discriminator. We denote 𝐶𝑘 as a layer
with 𝑘 filters, processing input through convolution, batch normalization, and
ReLU activation [13] in sequence. 𝐶𝐷𝑘 denotes a layer with a dropout rate of
0.5, processing input through convolution, batch normalization, dropout, and
ReLU activation. All convolutions use 4 × 4 kernels with a stride of 2. The
downsampling factor is 2 for convolutions in the encoder and discriminator,
while the upsampling factor is 2 for convolutions in the decoder.

1.2.1 Generator Architecture A key characteristic of manga sketch col-
orization is the mapping from high-resolution input grids to high-resolution
output grids. Although inputs and outputs differ in color representation, they
share the same underlying structure—the same contours. Therefore, the gener-
ator architecture is designed around these properties.

Many image colorization solutions employ an encoder-decoder network, as
shown in Figure 4 [Figure 4: see original paper]. In such networks, the
encoder progressively downsamples the input through each layer, requiring all
information to flow through the bottleneck. For colorization tasks, substantial
low-level information is shared between input and output, such as the positional
information of prominent edges in sketch colorization. Therefore, it is desirable
to allow this information to bypass the bottleneck.

To enable shared information to bypass the bottleneck in the generator, skip
connections are incorporated, creating a U-Net structure. Figure 5 [Figure
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5: see original paper] illustrates the generator architecture. The encoder con-
sists of C64-C128-C256-C512-C512-C512-C512-C512, while the decoder com-
prises CD512-CD1024-CD1024-C1024-C1024-C512-C256-C128. Following the
final decoder layer is a convolution to match output channels, followed by a
tanh function. A special handling is required: batch normalization is not ap-
plied to the C64 layer in the encoder. All ReLU activations in the encoder use
LeakyReLU with a slope of 0.2, while the decoder uses standard ReLU.

Let 𝑛 be the total number of layers. The U-Net architecture is identical except
for skip connections between each layer 𝑖 in the encoder and layer 𝑛 − 𝑖 in the
decoder. These connections concatenate the activations from layer 𝑖 to layer
𝑛 − 𝑖, simultaneously adjusting the channel dimensions in the decoder.

1.2.2 Discriminator Architecture As shown in Equation (5), relying on
the L1 term enhances low-frequency correctness, constraining the discriminator
to model only high-frequency structures and increasing the clarity of generated
color images. To model high frequencies, the discriminator adopts PatchGAN,
which penalizes structure only at the patch scale. The discriminator distin-
guishes whether each 𝑁 × 𝑁 patch in an image is real, then averages all re-
sponses as the final result. Figure 6 [Figure 6: see original paper] illustrates the
discriminator architecture. Following the final layer is a convolution to match
one-dimensional output, succeeded by a Sigmoid function. Notably, the C64
layer does not use batch normalization. All ReLU activations in the discrimina-
tor use LeakyReLU with a slope of 0.2.

2 Experiments
2.1 Experimental Platform

Convolution operations require extensive matrix computations during training.
Graphics Processing Units (GPUs) significantly accelerate training speed com-
pared to Central Processing Units (CPUs), making them more suitable for this
task. Our experimental platform consists of Ubuntu 16.04 64-bit OS, Intel i5
CPU, 8 GB RAM, and an NVIDIA GTX 1050Ti GPU. We use the PyTorch
deep learning framework for implementation.

2.2 Experimental Data and Processing

The manga image dataset used for training was randomly crawled from the
popular manga material website Safebooru using a web scraper. After filtering
out unsuitable images, approximately 27,000 manga images remained. These
images were batch-resized to 256 × 256 dimensions using ImageMagick. Figure
7 [Figure 7: see original paper] shows some original images.

All manga images were then batch-converted to sketch renderings through con-
tour extraction using OpenCV. The sketch images are shown in Figure 8 [Figure
8: see original paper]. The first 3,000 images were selected as test data, with the
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remainder used for training. To facilitate data reading and comparison, original
images and their processed counterparts were concatenated pairwise for training
and testing, as shown in Figure 9 [Figure 9: see original paper].

2.3 Model Training

During training, gradient descent was alternately executed between the discrimi-
nator and generator using minibatch stochastic gradient descent with the Adam
solver [14]. The batch size was set to 1, a configuration proven effective for im-
age generation tasks in prior work [15]. The learning rate was set to 0.0002 with
200 training iterations, requiring 3 days of training time. A Visdom server was
employed to visualize training progress.

2.4 Experimental Results

To evaluate whether the trained model can colorize black-and-white manga
sketches, we tested it on 3,000 sketch images from the test set, achieving an
average colorization time of approximately 0.8 seconds per sketch. The unsu-
pervised colorization results are shown in Figure 10 [Figure 10: see original
paper]. The results demonstrate that our proposed network model satisfies
the two key requirements: preservation of underlying contour information and
colorization rationality, while maintaining relatively clear and reasonable over-
all effects. However, some colorized results exhibit blurriness and relatively
monochromatic color schemes.

Beyond evaluating manga sketch colorization, we also tested the model’s capabil-
ity on natural grayscale images. The training and test data for this experiment
comprised 10,000 and 1,000 dog images from ImageNet, respectively. Prepro-
cessing and training procedures were similar to the manga sketch experiment.
The colorization effects are shown in Figure 11 [Figure 11: see original paper],
revealing that while the model demonstrates feasibility for natural grayscale
images, some details exhibit incorrect color filling.

3 Conclusion
This paper proposes an unsupervised colorization method for manga sketches
based on conditional GANs. We construct a conditional adversarial genera-
tive network model for anime sketch colorization, adding an L1 constraint to
the objective function to enhance result clarity. The U-Net structured genera-
tor preserves low-level contour information between sketches and color images,
while adversarial training between generator and discriminator constructs the
mapping relationship between sketches and color images. The final model can
colorize general black-and-white sketches, achieving unsupervised manga sketch
colorization. Experiments demonstrate that this method can reasonably col-
orize sketches while maintaining satisfactory clarity. Future work will further
investigate improvements in colorization clarity and color palette diversity.
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