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Figure 1: Part of color mixing results (a)∼(f), showing different cases in our test set. With two input pigments PA and PB, our
model can predict the results (Ours, left) which are almost indistinguishable to the ground truth (GT, right) of the real mixed
pigment.

ABSTRACT
In the poster, we propose a model to predict the mixture of water-
color pigments using convolutional neural networks (CNN). With
a watercolor dataset, we train our model to minimize the loss func-
tion of sRGB differences. In metric of color difference ∆ELab , our
model achieves 88.7 % of data that ∆ELab < 5 on the test set,
which means the difference can not easily be detected by human
eye. In addition, an interesting phenomenon is found; Even if the
reflectance curve of the predicted color is not as smooth as the
ground truth curve, the RGB color is still close to the ground truth.
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1 INTRODUCTION
Pigment mixing plays a crucial part in a digital painting system.
A good model of color mixing can be beneficial to render realis-
tic color for painting. Previous works on the color mixing [Haase
and Meyer 1992] and [Baxter et al. 2004] use Kubelka-Munk model
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[Kubelka 1948] to predicts the reflectance of given mixture of pig-
ments . However, limitations of KM model have been reported for
translucent media such as watercolor [Edström 2007].

Therefore, we propose a feed-forward networkwith a perceptual-
based loss function to predict a realistic color mixing of the water-
color pigments. In the work, we use the reflectance and transmit-
tance of two watercolor pigments as well as the reflectance of a
white paper as the input; the output is the reflectance of a mixed
pigment. Lastly, we use standard RGB (sRGB) with CIE 1931 2◦
observer and standard illuminant D65 to show RGB colors of pre-
dicted results. Besides, a metric of color difference metric ∆ELab
is chosen to evaluate the accuracy of our result.

2 OUR APPROACH
Our goal is to generate mixed color reflectance from two input
pigments and to minimize the perceptual difference between the
ground-truth color and our result.

2.1 Dataset
We use a dataset of watercolor pigments from [Chen et al. 2018].
The dataset contains 1043 mixed pigment, with 13 primary pig-
ments in 12 different quantities (thickness). Each mixture is mixed
by two primary pigments. In the dataset, the primary pigment is
denoted by its transmittance and reflectance spectrum; the mix-
ture and paper is only represented by the refletance. Each spectra
is a 41-dimension vector. Thus, our input has 205 features, namely
the transmittance and reflectance of two primary pigments as well
as the reflectance of paper; then, the output is a mixed pigment
reflectance with 41 dimensions.

To match the size of the input layer, input features are resized
into (41,5) for CNN model.

2.2 CNN Model
Our model is an alternative ResNet18 [He et al. 2016] , which is
bulit with different filter sizes, pooling and output layers to gener-
ate a reflectance spectrum. We found that the modified ResNet can
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Figure 2: An illustration of the architecture of our model. We use a alternative ResNet18 to extract multi-level features from
input reflectance and transmittance (RA, RB, TA, TB and Paper). A global average pooling layer is connected to the last conv.
layer to reduce the number of parameters in our model. Fully connected layers after the poolong layer perform regression to
minimize the perceptual loss between output and ground truth.

achieve a good performance in color mixing problem and adopted
it into our work.The filter sizes are (9,1) for the first two ResBlocks
and (3,1) for the last two ResBlocks. The filter numbers are {64,
128, 256, 512} from the first to the last ResBlock. Those changes
made our model be able to extract multi-level features from input
reflectance and transmittance. To minimize overfitting, a global
average pooling layer is connected to last convolutional layer to
reducing the total number of parameters in our model. After the
poolong layer, the fully connected layers perform regression to fit
the output reflectance and minimize the perceptual loss between
reflectance and ground truth.

2.3 Loss Function
In order to minimize the perceptual differences in color, we choose
the distance of tristimulus value distance, which corresponds to
three kinds of cone cells in human eyes, as our loss function for
training. The output reflectance spectrum and ground truth is con-
verted into tristimulus values. Then, we compute Euclidean dis-
tance between output reflectance and ground truth. In praticle, we
choose the distance in linear sRGB colorspace as loss function (Eq.
1).

LosssRGB =

√
(∆R)2 + (∆G)2 + (∆B)2 (1)

There are 2 reasons to choose sRGB as loss function. (1). sRGB
colorspace is widely used on monitors, printers, and the Internet.
(2). Linear sRGB transformation is differentiable so it can be opti-
mized by stochastic gradient descent (SGD).

In addition, the Lab distance (∆ELab ) (Eq. 2) is chosen as the
evaluation metric.

∆ELab =

√
(∆L∗)2 + (∆a∗)2 + (∆b∗)2 (2)

Since Lab transformation is not differentiable therefore it is not
eligible for loss function.

3 RESULT
Part of our results are shown in Fig. 1. Our model achieves mean
∆ELab of 2.29 and∆ELab < 5 of 88.7% on test set.The cases where
∆ELab > 5 means that we can easily notice a difference between
the prediction and the ground truth.

Another finding in output reflectance is shown in Fig. 3. We
found that the output spectra only focus on the part corresponding
to visible and primary colors, and ignore the others. Therefore, the
output spectrum in Fig. 3 act as color matching functions to blue
and a little green.

Reflectance SpectrumColor

Ground truth (55, 157, 206) Our Result (65, 159, 203)

Figure 3: An illustration of the output reflectance of our
model. The curve between visible wavelengths (380 to 750
nm)mainly focus on the short-termaverage,while the curve
beyond 750nm can be totally ignored (being invisible to hu-
man eye).
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