
Automatic Image Colorization based on
Multi-Discriminators Generative Adversarial

Networks
Youssef Mourchid, Marc Donias, Yannick Berthoumieu

University of Bordeaux, CNRS, IMS, UMR 5218, Signal and Image Group, F-33405 Talence, France
e-mail: {youssef.mourchid, marc.donias, yannick.berthoumieu}@ims-bordeaux.fr

Abstract—This paper presents a deep automatic colorization
approach which avoids any manual intervention. Recently Gen-
erative Adversarial Network (GANs) approaches have proven
their effectiveness for image colorization tasks. Inspired by GANs
methods, we propose a novel colorization model that produces
more realistic quality results. The model employs an additional
discriminator which works in the feature domain. Using a feature
discriminator, our generator produces structural high-frequency
features instead of noisy artifacts. To achieve the required level of
details in the colorization process, we incorporate non-adversarial
losses from recent image style transfer techniques. Besides, the
generator architecture follows the general shape of U-Net, to
transfer information more effectively between distant layers. The
performance of the proposed model was evaluated quantitatively
as well as qualitatively with places365 dataset. Results show
that the proposed model achieves more realistic colors with less
artifacts compared to the state-of-the-art approaches.

I. INTRODUCTION

Nowadays image colorization becomes an active area of
research in machine learning. This is due to the variety of
applications such as style transfer, image translation, etc. There
are many proposed methods in the literature to tackle down
the ill-posed nature of the colorization problem. With the
fast development in deep learning representation, traditional
techniques have largely be replaced. Most of the work done
in image colorization may be classified into two broad ap-
proaches: guided and non-guided colorization. The guided
colorization [1]–[3] requires user interaction or an example
image for providing prior about colorization. In the non-
guided colorization [4]–[7], automatic colorization algorithms
are used without any prior.

For automatic colorization task, deep learning methods have
emerged recently. Deep neural network approaches are able
to train a model by feeding large-scale datasets to learn a
parametric generation between the grayscale images and their
multispectral counterparts.

In [7], Zhang et al. proposed to train a convolutional
neural network architecture to minimize the multinomial cross-
entropy loss for color distribution prediction. For optimal col-
orization results, the network is initialized with a classification-
based network. In [8], authors promoted using unlabeled
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data for automatic colorization based on self-supervision. In
the same time, Zhang et al. [9] explored the cross-channel
encoders, which are modification of the traditional autoencoder
architecture.

Recently, a new generation of learning structure called
Generative Adversarial Networks (GANs) [10] was popularly
employed to generate new data with the same statistics as the
training set. GANs consist of two neural networks competing
with each other: a generator and a discriminator respectively.
The generator tries to fool the discriminator by generating
realistic synthetic images, while the discriminator tries to
distinguish generated fake images from real ones.

In the context of colorization, recent works using GAN
shown a significant improvement in the perceptual quality
of generated images over other deep-learning based models.
Isola et al. [11] leveraged the power of conditional GANs,
coupling a DCGAN [11] based on the U-net architecture
for the generator definition and a Markovian definition for
the discriminator, i.e. PatchGAN architecture. Nazeri et al.
[12] proposed generative network-based on L1 loss in an
architecture with skip connections, within a “U-Net” shape.
However, they seem to be unable to take into account the
colored details at higher scales and their performance is
deteriorated.These previous works exhibit some colorization
artifacts.

Considering the colorization task as a specific image recon-
struction problem, it is interesting to consider other contribu-
tions based on GAN approach dealing with inverse problem.
For super-resolution, Park et al. [13] are convinced that the
pixel level discriminator only causes the generator to give
rise to meaningless high-frequency noise. To deal with this
problem, authors attach an additional level of comparison
oriented image feature to the discriminator. They operate on
high-level representations extracted by a pre-trained VGG
network to capture more meaningful potential attributes of real
target images.

In the context of style transfer [14] or super-resolution
task [15], different works [16] shown the importance to learn
the textured style content of images to increase the quality
of the generator outputs. This is the reason why we would
consider texture descriptors which can be employed as fea-
tures to obviously improve the colorization results. Motivated
by the limitation of previous GAN-based image colorization
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approaches, we present a novel automatic image colorization
approach based on generative adversarial networks (GANs).

In view of the previous discussions, the key contributions
of this work are:
• Deriving of a model for colorization that employs two dis-

criminators to promote the restitution of fine-structures of
the generated images. The first discriminator is dedicated
to the pixel level, and the second one for image feature
level.

• Training the generator with discriminators using non-
adversarial perceptual losses based on style transfer com-
ponent, in order to match the texture style of generated
images with original ones.

• Employing U-net architecture to ensure the flow of low-
level information inside the network using skip connec-
tions.

We first introduce in Section II the proposed approach. The
performance of the method is discussed in Section III, Finally,
we conclude in Section IV.

II. PROPOSED METHOD

Our goal is to generate a colorized image Ig from a given
grayscale image Igray, which looks much similar to the original
one (RGB), with a perceptually pleasant content. To achieve
colorization, we propose a new GAN architecture exploiting
texture style loss in both discriminator and generator. The
architecture details of the proposed model are presented in
the next section.

A. Architecture of the proposed model

Conventional generative adversarial networks consists of the
association of a generator G(.) and a discriminator D(.). The
GAN framework tries to solve the minimax problem which is
defined as follows:

min
G

max
D

(Ey∼pdata(y)[log(D(y))]+Ex∼px(x)[log(1−D(G(x)))])
(1)

where G(x) denotes the output of a generator network for a
given x data, D refers to the discriminator network, y is a
sample data from a real distribution and x is a random noise.
We further denote data distributions as y∼ pdata(y) and x∼
pdata(x). Both G and D are implemented respectively by two
neural networks.

Different from conventional GAN network architecture,
Park et al. [13] introduce architecture based on combination
of one generator associated with two discriminators. For
colorization task, we propose an extended model, illustrated in
Fig.1, which uses two discriminators: an image discriminator
Di and a feature discriminator D f . The first one discriminates
real images (RGB) from colorized images by inspecting their
pixel values, while the second discriminates real images from
colorized ones by inspecting their feature maps, noted respec-
tively V GG(y) and V GG(G(x)) . These maps correspond to
high-level feature VGG domain [17]. The purpose is to help
the generator to cover more meaningful high-frequency details

in the training, and to achieve a more spatially stable coloriza-
tion results. The architecture of our discriminators is developed
to be similar to [18] but modified to suit our colorization task.
The proposed model employs non-adversarial losses such as
content and texture style ones, to ensure that generated images
match the target images. Regarding the feature extractor to
compute these two losses, a pre-trained VGG19 was used [17]
as for the discriminator. The U-Net architecture is employed in
our generator which allows low-level information to shortcut
across distant layers in the network, based on the performance
of skip-connections features.

B. Conventional Loss function

Considering previous colorization work [12], we consider a
l1-loss for pixel level. The l1-loss is minimized by measuring
the distance between the generated image G(x) and the real
image y. l1-loss can be written as:

Ll1 = E
x,y
||y−G(x)||1 (2)

where G(x) and y have the same size.

C. Proposed Loss functions

GAN loss LM−Dis(G,Di,D f ): Based on the above loss
functions, we trained the generator with the two discriminators
by introducing a loss function that takes the form:

LM−Dis(G,Di,D f ) = λiLGAN(G,Di)+λ f LGAN(G,D f ) (3)

where λi and λ f denote a defined weighting factors,
LGAN(G,Di) refers to pixel GAN loss which represents high-
frequency details in the pixel domain, LGAN(G,D f ) is the
features GAN loss that characterizes the structural details in
the feature domain. The pixel GAN loss can be defined as
follows:

LGAN(G,Di) = E
y∼pdata(y)

[log(Di(y)]

+ E
x∼pdata(x)

[log(1−Di(G(x))] (4)

To compute the feature GAN loss, we used the height level
feature map of the VGG network [17]:

LGAN(G,D f ) = E
y∼pdata(y)

[log(D f (V GG(y))]

+ E
x∼pdata(x)

[log(1−D f (V GG(G(x)))] (5)

where V GGl(.) denotes the feature maps of a specific
layer l in VGG. Since the abstracted image structures can be
represented by image features, using LGAN(G,D f ) pushes the
generator to build realistic structural high-frequency instead of
noisy artifacts in the generated images.

VGG loss LV GG: In addition to the above losses, we
suggest a non-adversarial losses from recent style methods.
The texture loss Ltexture is used to penalize the discrepancy
in the texture representations between the generated image
G(x) and its corresponding original image y. The texture loss
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Fig. 1: Figure is better seen zoomed on the digital version of this document. Architecture of the proposed model, we employ
two discriminators, an image discriminator in the pixel domain and a feature discriminator in neural space domain. V GG(y)
and V GG(G(x)) refer to the extracted features of a pre-trained VGG-19, for real image and generated image respectively.

can be obtained by computing correlations between feature
representations in the spatial extent. These feature correlations
are obtained using the Gram Matrix as defined in [14]. We can
define the texture loss as follows:

Ltexture =
L

∑
l=1

λ
l
t

1
4N2

l M2
l
||Gr(V GGl(y))−Gr(V GGl(G(x)))||2F

(6)
where Gr(.) is the Gram Matrix, ||.||F denotes the Frobenius
norm, L is the number of layers at the VGG network, λ l

t refers
to weighting factors of each layer l, Nl denotes the number of
features maps of size Ml at each layer, Ml is the size of the
factorized feature map.

In the other hand, the content loss Lcontent penalizes directly
the difference between feature representations. Unlike the
texture loss, Lcontent does not capture discrepancies in texture,
instead, it ensures global consistency of the generated images
with original ones by enhancing low frequency components.
We define the content loss by:

Lcontent =
1
2

L

∑
l=1
||V GGl(y)−V GGl(G(x))||2F (7)

Our total VGG loss LV GG can be defined as follow:

LV GG = λT Ltexture +λCLcontent (8)

where λT and λC are weighting factors for texture and
content loss, respectively. In contrast to the VGG loss where
the input image is transformed into sensitive representations,
that become relatively invariant to its precise appearance, the

features GAN loss LGAN(G,D f ) improves the colorization
process by producing plausible valid colorized images.

Full Objective: Our full objective loss can be written as
follows:

LMulti−GAN(G,Di,D f ) = LM−Dis(G,Di,D f )+λl1Ll1 +LV GG
(9)

where λl1 is a parametric factor. Our goal is to solve the
minimax game problem with the value function:

G,Di,D f = arg min
G

max
Di,D f

LMulti−GAN(G,Di,D f ) (10)

To optimize our networks, we alternate between one gra-
dient descent step on discriminators, then two steps on the
generator, for balancing training through different network
weights updates.

III. EXPERIMENTAL ANALYSIS

In this section, the performance of the proposed model
is discussed. The quantitative evaluation is performed on
the places365 dataset [19] which contains more than 1.8
million training images in 365 different high-resolution scene
categories.

A. Training details

In this section, we present the training details of our experi-
ments. First, we randomly select 1400 images from places365
dataset. For training our network, Adam is selected as our
optimizer for generator and discriminators, with an initial
learning rate α1 = 0.001 for the generator and α2 = 0.0001
for discriminators. For the feature extractor, a pre-trained
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recognition network VGG-19 [17] was used which is found to
be beneficial in representing content and texture information
as will be shown in the following results section. Regarding
V GGl in Eqs. (5), (6), (7) we used the last layer (Conv5) of
the VGG-19 in our experiments, as we have observed that
Conv5 generally produces better results than other layers. As
a result of extensive hyper-parameters optimization, we set the
weight factors λi = 1 and λ f = 10−3 (Eq.3), λT = λC = 0.0001,
λl1 = 100. The number of training epochs is 90 where the
batch size is 4. We have implemented our model in Tensorflow.

B. Result analysis

To study the improvements of the proposed losses function
from the GAN framework [12] (Baseline), we have performed
an ablation study. We consider different cases by removing
content loss only and texture loss only. Some comparison
results are presented in Fig.2. We can observe that even
with high PSNR and SSIM, using only one loss (Texture or
Content) may generate unsatisfactory visual results with some
artifacts in the colorized image as shown in black rectangles in
Fig.2. So, the combination of these loss functions is essential
to capture the low frequencies, ensuring global consistency, as
well as the high frequency details of the desired target images,
which improve the visual quality of the generated image with
a good value of PSNR and SSIM.

Original Proposed Proposed without LcontentProposed without Ltexture

PSNR=28.94, SSIM= 0.97 PSNR=27.20, SSIM= 0.96 PSNR=29.33, SSIM= 0.96 

Fig. 2: Figure is better seen zoomed on the digital version of
this document. Influence of texture and content losses in the
proposed model.

Due to space constraints, we have limited our comparison
only with methods that employ a pair of data (Grayscale
image, Color Image), such as Nazeri et al. [12] and Pix2Pix
[11]. The experiment results in Fig.3 illustrate better and
more reasonable colors results of the proposed model, which
also avoids the color artifacts generated by state-of-the-art
methods. For quantitative comparison by the PSNR and SSIM
metrics, recent studies [20], [21] have proven that even with
pleasing visual results, some models can not show significant
improvement in PSNR and SSIM or they produce color images
which do not correspond to the real ones, so, the evaluation
metrics could not be calculated. As shown in table I, the
proposed model produces images with good PSNR and SSIM
values and ensure a tradeoff with visual results. This is
reflected by the generated images having sharper details and
more fine-tuned structures due to matching the target’s textural
and global content.

Original Proposed Nazeri et al.[12] Pix2Pix[11]

Fig. 3: Figure is better seen zoomed on the digital version
of this document. Comparison of the proposed model with
Pix2Pix [11] and Nazeri et al. [12] on test images of places365.

Method PSNR SSIM

Nazeri et al. [12] 25.74 0.94
Pix2Pix [11] 18.38 0.60

Proposed Model without Ltexture 21.82 0.89
Proposed Model without Lcontent 21.80 0.90

Proposed Model 23.14 0.91

TABLE I: Qualitative comparison between the proposed model
and state-of-the-art methods.

IV. CONCLUSION

In this paper, we have proposed an effective colorization
model to automatically colorize grayscale images. Based on
GAN architecture, the proposed model employs two discrim-
inators for features and content image and style transfer tech-
niques which transfer textures and details of a given image.
The experimental results show that the proposed model was
able to consistently produce pleasing visual colorized images
with less artifacts than state-of-the-art methods, moreover, it
ensures a tradeoff between qualitative and quantitative results
by producing images with good PSNR and SSIM. As a future
work, we want to employ the Resnet architecture in our
generator, which can retain more of the low-scale features
due to the reason that it is shallow, which will improve the
colorization results.
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