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1. Network Architecture

methods (ChromaGAN, ChromaGAN w/o Classification,
Chroma Network, Iizuka [1], Larsson [3] and Zhang [4])
are data driven they will fail in general to colorize paintings
most of all if the latter contains vivid colors as for instance
in Fig. 8 Vincent Van Gogh’s painting in column two and
in Fig. 9 Frida Khalo’s painting in column two or Picasso’s
painting in column four. Moreover in some paintings the semantic to be learn is quite different from the one learnt over
standard real images as for example the sky in the second
column of Fig. 8 and the face in the fourth column in Fig. 9.

Fig. 1 and 2 show the detailed architecture of the generator and discriminator networks. Detailed information about
each network separately is stated in subsection 1.1 and 1.2.

1.1. Generator Architecture
Our generator has one input (the grayscale image) and
two outputs: the colorized image and a class distribution
vector. All convolutional layers present in the network are
followed by a ReLu. Except for the last convolutional layer
in the blue region that is followed by a Sigmoid function,
and the last fully connected layer of the second output (red)
that is followed by a Softmax. Additionally, batch normalization is performed between each convolutional layer in
the region displayed in red. All the strides are equal to one
unless otherwise specified. The detailed architecture of the
Generator Network can be seen in Fig. 1.
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1.2. Discriminator Architecture
The architecture of the discriminator follows the one
used in Pix-to-Pix [2], also called PatchGAN or Markovian
discriminator. It consists of a serie of conv-ReLu blocks,
except for the last one where the convolutional is not followed by a ReLu. More details on the architecture of the
discriminator network are shown in Fig. 2.

2. Supplementary Results
In this section additional experimental results are shown.
In Fig. 3 and Fig. 4 our colorization results are compared to
those of Iizuka [1], Larsson [3] and Zhang [4]. Fig. 5 shows
some failure cases of colorized images using our approach
including desaturated images, color bleeding artifact and inconsistently colorized regions, although in some cases the
separation between the type of artifact is fuzzy (e.g., the
cheetah in the first row), the . Additional colorized historical black and white photographs are also shown in Fig. 6
and Fig. 7. Finally, in Fig. 8 and Fig. 9 colorized paintings are showed. These last results show that since all the
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Figure 1. Generator architecture.

Figure 2. Discriminator architecture.
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Figure 3. Some qualitative results using, from right to left: Ground truth, Gray scale, ChromaGAN, ChromaGAN w/o Classification,
Chroma Network, Iizuka [1], Larsson [3] and Zhang [4]
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Figure 4. Some qualitative results using, from right to left: Ground truth, Gray scale, ChromaGAN, ChromaGAN w/o Classification,
Chroma Network, Iizuka [1], Larsson [3] and Zhang [4]
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Figure 5. Failure cases. Each row shows one of the most common failure cases. Images with color bleeding artifacts are shown in the
first row (e.g, the t-shirt in the fourth column). The second row displays desaturated results. The third row displays some results with
inconsistencies in the colorization of some objects (e.g., the river water of the third column or the eyes of the fifth column).

Figure 6. Colorization results of historical black and white photographs using the proposed ChromaGAN. Note that old black and white
photographs are statistically different than actual ones, thus, making the process of colorize more difficult.

Figure 7. Colorization results of historical black and white photographs using the proposed ChromaGAN. Note that old black and white
photographs are statistically different than actual ones, thus, making the process of colorize more difficult.
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Figure 8. Paintings colorization. From top to bottom: ground truth, ChromaGAN, ChromaGAN w/o Class, Chroma Network, Iizuka [1],
Larsson et al. [3] and Zhang [4]
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Figure 9. Paintings colorization. From top to bottom: ground truth, ChromaGAN, ChromaGAN w/o Class, Chroma Network, Iizuka [1],
Larsson [3] and Zhang [4]

