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ABSTRACT  
As the interest of deep learning, techniques to control the color of images in image processing 
field are evolving together. However, there is no clear standard for color, and it is not easy to find 
a way to represent only the color itself like the color-palette. In this paper, we propose a novel 
color palette extraction system by chroma fine-tuning with reinforcement learning. It helps to rec-
ognize the color combination to represent an input image. First, we use RGBY images to create 
feature maps by transferring the backbone network with well-trained model-weight which is ver-
ified at super resolution convolutional neural networks. Second, feature maps are trained to 3 fully 
connected layers for the color-palette generation with a generative adversarial network (GAN). 
Third, we use the reinforcement learning method which only changes chroma information of the 
GAN-output by slightly moving each Y component of YCbCr color gamut of pixel values up and 
down. The proposed method outperforms existing color palette extraction methods as given the 
accuracy of 0.9140.  
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1. INTRODUCTION 

Currently, a methodology for automating color extrac-
tion in various fields is being studied. In particular, in-
terest in this is increasing in related fields such as au-
tomobiles and construction where accurate color anal-
ysis is required. Color palette extraction from an im-
age is to understand the information in an image with 
image processing and computer vision technologies. 
The technologies related to color have the inherent 
problem of color recognition from images. It is that 
various light sources make impossible to analyze color 
precisely because of mutable aspect of color itself. 
Conventional methods approach this problem by 
downsizing color range [1] or clustering pixel values 
[2]. Also, with the development of DNNs, there has 
been many trials to extract colors close to the ground 
truth by supervised learning expecting end-to-end sys-
tem. However, not like object classification, color 

classes are not distinguishable because of their small 
gap between them. That means classifiers are only 
able to classify colors not that specific and accurate. 
Another problem is that the largest number of pixels 
do not always represent the image. Therefore, a novel 
methodology is required to extract the accurate color. 

In order to solve this problem, this paper proposes 
a novel generative adversarial network (GAN)-based 
[3] color palette extraction system by chroma fine-tun-
ing with reinforcement learning [4]. The processes of 
the proposed system are mainly three steps as follows. 
First, we use 4-channel (RGBY) images to create fea-
ture maps by transferring the backbone network with 
the well-trained model-weight verified at super reso-
lution convolutional neural networks (SRCNNs) [5]. 
Among trained models, SRCNNs contain a lot of hid-
den information for each pixel since this model needs 
to be upscaled. Second, feature maps are trained  
for the color-palette generation with a GAN. Through 
the interaction of a generator and discriminator, it 
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demonstrates the color combination that best represent 
an input image. Third, with RL, the proposed system 
changes chroma information of the color palette from 
the GAN process by gradually moving each Y compo-
nent of YCbCr color gamut up and down.  

Overall, there are three main contributions as fol-
lows. First, a supervisor, discriminator in GAN, is 
placed when training the model so that there is no het-
erogeneity than the learning results of a simple single 
convolutional neural network (CNN) model. Second, 
when conventional color extraction cannot avoid the 
effect of various light sources, we construct custom-
ized database based on paintings and movies. These 
sources ensure that the chroma of an entire image is 
not biased to one side. Third, gradual fine-tuning with 
RL was made at the reference point, making the color 
subtle. By dramatically reducing the number of clas-
ses from 28 × 28 × 28 to only 11, the system perfor-
mance is improved. We posted experimental results 
by comparing color palette from both conventional 
method and ours to figure out how useful searching 
colors in limited class-number.  

The remainder of this paper is organized as follows. 
Section 2 introduces the details of the proposed 
method. Section 3 presents experimental results, and 
the final section presents the conclusion. 

 
2.  PROPOSED METHOD 

In this section, we introduce the operation process of 
our color palette extraction system in detail. Figure 1 
shows an overall flowchart of the proposed system. 
Mainly, the operation process of it is three parts: fea-
ture map generation, color palette generation, and 
fine-tuning of chroma. The detailed process is as fol-
lows.   
 

2.1 Feature Map Generation 
The input image has 4 channels, RGB and Y from 
YCbCr gamut. The reason is during the fine-tuning 

process as shown in Figure 1. (c), the process handles 
Y component. Therefore, in the backbone network, 
each hidden layer has Y information as well as RGB 
information; it results in the feature maps including Y 
information, naturally. The backbone network is from 
SRCNN with transfer learning [6]. There are three rea-
sons. First, the network in the task of super resolution 
(SR) should consist of elements of layers for extract-
ing pixelwise information. Therefore, the network is 
appropriate to the generated feature map for encom-
passing pixel information of an entire image. Second, 
using a validated training model in similar image pro-
cessing tasks can yield better performance than when 
learning whole layers. In particular, the distribution of 
elements in each layer is evenly distributed, which can 
lead to more hidden pixelwise information. Third, we 
do not need to train every layer, which saves training 
time.  

We only transfer the model just before upscaling or 
deconvolution. This is because we do not reconstruct 
the image, but the output is only a part of the infor-
mation representing the image. After transferred deep 
neural network (DNN) model, one fully connected 
(FC) layer is arranged to generate 1024 feature maps, 
which unify the size of the output feature map for the 
input of color palette generation and fine-tuning of 
chroma process.   

 
2.2 Color Palette Generation 

Figure 2 shows the overall training flowchart of color 
palette generation. There are primary two process, 
generator and discriminator. The generator as shown 
in Figure 2(a) consists of the backbone network 
including transferred DNN model and one FC layer 
with a ReLU layer and two FC layers with ReLU 
layers. The last three FC layers are trained in this 
process. The FC layer in the backbone network is 
trained in only this process, so the layer is frozen in 
fine-tuning process as shown in Figure 2(a). We train 
the generator before training with the discriminator. 

 

Figure 1: Overall flowchart of the proposed color palette extraction: (a) feature map generation from RGBY input image, (b) color palette 
generation with GAN, (c) fine-tuning of chroma with reinforcement learning and (d) output (color-palette). 



 
 

 Kim et al.: GAN-based Color Palette Extraction System by Chroma Fine-tuning with Reinforcement Learning 
 

127 

The reason is that if we train two networks together 
without separate training process, the output of the 
generator is not converged or overfit the majority 
color. If this is the case, the discriminator loses proper 
judgment, and the whole system behaves abnormally. 
Therefore, instead of using an initialized generator,  
the generator that has been trained to the 
backpropagation of the generator 𝐿𝐿𝐺𝐺1 is used for 
training two DNN together.  

The input of the discriminator in Figure 2(b) is to 
concatenate the image of the original RGB-input and 
the image by simply increasing each pixel information 
about five pixels to the size of the input image of 
discriminator. Thus, the input channel of the 
discriminator is six. The DNN of discriminator is based 
on AlexNet [7] which is a shallow network. It identifies 
two things; the color palette can represent the input 
image and its color combination is not too overfitted on 
a specific color despite the different colors in the image. 
Therefore, the loss of the generator, 𝐿𝐿𝐺𝐺2, and loss of the 
discriminator, 𝐿𝐿𝐷𝐷, apply in the case of fake and real 
decision respectively in backpropagation. The 
generated color palette is ranked by the sorting process 

based on RGB histogram as shown in Figure 2(c). The 
RGB histogram is binning through clustering 16 each 
channel. The output colors are ranked by the closest 
cluster.  
 

2.3 Fine-tuning of chroma 
Figure 3 shows the overall feed-forward process of 
fine-tuning of Y-component. We can create a color 
palette to some extent with the previous generation 
process, but we do a fine-tuning process to make the 
color more vivid, especially chroma. The input of fine-
tuning process is divided into two, feature maps from 
backbone network and the flat-shape RGBY of the 
output color palette enlarged by 51 times to balance. 
All input information is normalized between zero to 
one. Agent network consists of 3 FC layers with ReLU 
layers.  

The output of agent network control Y-component 
of the palette up and down. The number of the output 
of agent net is only 11 which has revolutionarily sim-
plified the problem. As applying general CNN meth-
ods, the exact solution class of one output pixel is 
16,777,216 cases, which is the possibility 24-bit RGB-
channel 28×28×28. Therefore, too many classes result 

 

Figure 2: Overall training flowchart of color palette generation with GAN: (a) generator, (b) discriminator and (c) sorting. 

 

Figure 3: Overall feed-forward process of fine-tuning of Y-component with reinforcement learning: (a) Input, (b) agent network, (c) 
probability of each action-class and (d) action. 
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in the convergence of DNN. To solve these limitations, 
our proposed method approaches fine-tuning. We de-
fine starting point from the output of color palette gen-
eration process, and then as agent of RL model 
changes only Y-channel, color palette is gradually 
heading to the target RGB color palette. Our approach 
reduces the class of model which only has 11-class as 
shown in Figure 3(c).  

The break conditions of our RL model as shown in 
Figure 3(d) are three. First, the number of progresses 
is limited as 25. Second, when 𝑝𝑝11, the probability of 
stop action, 𝐴𝐴11 after softmax [8], is the highest, the 
episode is finished Third, the accumulated reward, 𝑅𝑅𝐴𝐴, 
is over the threshold of max reward, 𝑇𝑇𝑅𝑅 (0.9). The 
reward occurring in t-th, 𝑅𝑅𝑡𝑡, is as below: 

  

𝑅𝑅𝑡𝑡 = �∑ (5 − |𝑝𝑝2𝑖𝑖 − 𝑝𝑝2𝑖𝑖+1|)5
𝑖𝑖=1 + 𝑝𝑝11� / 6, (1) 

 

𝑅𝑅𝐴𝐴 = ∑ {(0.5)1+𝑡𝑡−𝑖𝑖 × 𝑅𝑅𝑖𝑖}𝑡𝑡
𝑖𝑖=1  ,         (2) 

   
where 𝑅𝑅𝑡𝑡  is related to the movement of each Y 
component. A similar probability for a specific Y value 
means that the Y value is close to convergence. Since 
the current motion is much import than the past motion, 

the sum that reduced the importance of previous reward 
by half is used as 𝑅𝑅𝐴𝐴. Otherwise, the RGBY state is 
update and the RL process continues until end.  
 

3.  EXPERIMENTAL RESULTS  
We trained the model by 200 epochs. For the deep 
learning library, Tensorflow and Keras in Anaconda  
3.0 environment was used. The laptop has Intel core 
i7-6700HQ (2.60Hz), 960M of NVIDIA GPU and 16 
GB of RAM. The dataset is constructed by around 
100,000 paintings, and 100,000 movie-sequence. We 
randomly applied crop to the input data and used it as 
training data. This is to ensure that the model does not 
recognize that the largest number of pixels always rep-
resent the image.  

Figure 4 shows the result of our proposed method 
and conventional methods for the evaluation qualita-
tively. K-means algorithm [2] was clustering method 
of machine learning, and [9] was based on generative 
adversarial network (GAN). We used color quantiza-
tion, ground truth [10]. Other conventional methods 
represent image-itself which means they focus on the 
number of pixels. Therefore, there is a tendency to 
represent invisible color as representative color visu-
ally. Also, conventional methods did not handle the 
balance of color combination. In the same vein, they 
frequently focused on the background or the main ob-
ject region. Especially, the flower image in the second 
column of Figure 4 had green leaves and cyan-tone 
background, but conventional methods could not two 
features together. The proposed method extracted both 
information. In addition, conventional methods were 
hard to extract color palette from the image has a va-
riety color tones like fourth column of Figure 4, but 
our method could extract it well.  

Table 1 showed that the accuracy of all methods. 
For quantitative evaluation, we used the error rate ±15 
of the RGB-channel in each color patch of ground 
truth to determine accuracy. We measured the accu-
racy differently depending on how many number of 
the five fitted. We also applied three backbone net-
works [11], [12] with and without our fine-tuning pro-
cess to see how each network affects accuracy. The 
accuracy of conventional methods were not over even 
0.75 every case. Regardless of the backbone network, 

 

Figure 4: Results of the proposed system and other 
conventional methods: (a) input, (b) ground truth, (c) k-mean, 
(d) ColorMind, (e) proposed method without fine-tuning and 
(f) proposed method with fine-tuning. 

Table 1: Accuracy Comparison of Proposed Methods with Different Numbers of Correct Color-patch 
The Number of Correct Color-patch 3 4 5 

K-mean Clustering 0.6214 0.5824 0.5203 

ColorMind 0.7321 0.6532 0.6252 

Backbone-EDSR without Fine-tuning 0.9252 0.8834 0.8585 

Backbone-EDSR with Fine-tuning 0.9354 0.8922 0.8712 

Backbone-MDSR without Fine-tuning 0.9504 0.9024 0.8801 

Backbone-MDSR with Fine-tuning 0.9578 0.9126 0.8968 

Backbone-RDN without Fine-tuning 0.9702 0.9223 0.9013 

Backbone-RDN with Fine-tuning 0.9745 0.9272 0.9180 
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our methods were over 0.85.In addition, when the 
fine-tuning process was used, the performance was 
improved by 0.0102 on average.  

 

4.  CONCLUSION 
In this paper, we proposed a novel color palette 
extraction system by chroma fine-tuning with 
reinforcement learning. First, we used RGBY images 
for creating feature maps by transferring the backbone 
network. Second, feature maps were trained to GAN-
based color-palette generation. Third, we used the 
reinforcement learning method to change chroma 
information. The experiments have shown successful 
color palette generation in both quantitative and 
qualitative terms with the accuracy of 0.9140.  
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