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Abstract: We propose a novel method for addressing the problem of efficiently generating a highly
refined normal map for screen-space fluid rendering. Because the process of filtering the normal
map is crucially important to ensure the quality of the final screen-space fluid rendering, we employ
a conditional generative adversarial network (cGAN) as a filter that learns a deep normal map
representation, thereby refining the low-quality normal map. In particular, we have designed a
novel loss function dedicated to refining the normal map information, and we use a specific set of
auxiliary features to train the cGAN generator to learn features that are more robust with respect to
edge details. Additionally, we constructed a dataset of six different typical scenes to enable effective
demonstrations of multitype fluid simulation. Experiments indicated that our generator was able
to infer clearer and more detailed features for this dataset than a basic screen-space fluid rendering
method. Moreover, in some cases, the results generated by our method were even smoother than
those generated by the conventional surface reconstruction method. Our method improves the
fluid rendering results via the high-quality normal map while preserving the advantages of the
screen-space fluid rendering methods and the traditional surface reconstruction methods, including
that of the computation time being independent of the number of simulation particles and the spatial
resolution being related only to image resolution.

Keywords: screen space rendering; image-based rendering; fluid rendering; machine learning;
supervised learning

1. Introduction

Particle-based methods are often used for fluid simulation, and many rendering
methods have been developed for drawing high-quality particle surfaces. Among the
various particle rendering methods, screen-space-based methods [1] have been popular
because of their ability to render particles in real-time with a configurable trade-off between
speed and quality. However, screen-space-based methods have certain problems such
as the surface appearing convex and cases where the front and back of a particle are not
distinguishable. Some studies have proposed the use of alternative filters to address these
problems [2], but these filters are not suitable for general use.

In screen-space-based methods, the normal map is crucially important because it
determines the shape and color of the rendered results. The normal map is often created by
filtering the particle data in the screen space. While considering screen-space rendering
methods, we have been inspired by recent work in image generation using deep convo-
lutional neural networks [3,4]. The state-of-the-art deep convolutional neural networks
architecture has a trend targeting high performance. The trend lead a network architecture
to more complex. Because our goal is implementation of the architecture having high
cost-effectiveness, the state-of-the-art technique is not suitable. Therefore, we propose a
deep learning method that generates a highly refined normal map for fluid rendering and
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is based on conditional generative adversarial networks (cGANSs) [5]. The use of cGANSs is
a common aspect in a range of studies involving GANSs [6]. To infer the probability distri-
bution of the true data, a GAN trains a generator and a discriminator to solve a min-max
problem. The discriminator is trained to distinguish the true data from data generated
by the generator, and the generator is trained to “mislead” the discriminator. A cGAN
leverages a GAN in a conditional setting that is not simply an approximation of the true
data probability distribution but an inference of the conditional probability distribution.
This makes cGANSs suitable for image-to-image style translation tasks [4].

In this study, we consider the refinement of a normal map as an image-to-image
style translation problem and employ a cGAN-based method for the outputs. Instead
of smoothing the particle surface in the screen space using an existing approach, such
as using a Gaussian blur or various filters, we train the cGAN generator as a filter to
refine the low-quality normal map to produce a high-quality map, thereby improving the
rendering results.

For the training process, a key issue is the construction of a training dataset that
comprises pairs of low-quality and high-quality normal maps. To address this, we begin
with a low-quality normal map created in the screen space by a 2D filter (bilateral Gaussian
filter), which we call the “input normal map”. Then, the model uses the training process to
refine the input normal map to resemble that generated by a 3D reconstructed surface [7].
We call the high-quality normal map extracted from the 3D reconstructed surface the
“target normal map”. Having constructed such a normal map dataset for a variety of fluid
simulation scenes, we demonstrated that use of the dataset could yield rendering results
with clearer and more detailed features. In addition, we introduce a novel specialized
loss term called the “normal constraint loss” for generative networks, which learns the
constraints on the normal map. During the actual rendering, we first create a normal
map in the screen space and then refine the normal map by inserting it into the previously
trained deep learning model. Experiments demonstrated that our method can be effectively
applied to an arbitrary fluid scene and can obtain satisfactory results (as shown in Figure 1).

Figure 1. (a) Rendering via a bilateral Gaussian filter [1]. (b) Rendering via our approach.

There is a significant difference between the proposed method and existing particle
rendering methods. Because the target normal map is generated using a surface reconstruction
method, our method is more robust than the existing screen-space methods [1,2] with
respect to preserving features in the rendering results. In addition, because the cGAN
model generates a refined normal map through a convolution operation, the computation
time is related neither to the number of particles nor to the resolution of the surface
reconstruction method [7]. Owing to this characteristic, the rendering quality tends to be
improved in some cases.

The contributions of the present study can be summarized as follows.

e  We propose a cGAN-based filter to improve the results of screen-space fluid
rendering effectively.
*  We propose a novel loss term to encourage clear refinement of the normal map.
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*  Because we constructed a normal map dataset for different types of fluid simula-
tion, the experimental results generated by the deep normal map representation
demonstrated the generality of our method and its efficient applicability to arbitrary
fluid scenes.

2. Related Work

Screen-space fluid rendering: There are many methods that can be used to render
a particle-based fluid simulation, with the traditional method being the isosurface-based
approach [7]. However, when an isotropic kernel is used to extract isosurfaces, all the
particles are represented as spheres, which causes the surface of the fluid to appear rough.
To address this problem, one study used an anisotropic kernel [8] to distribute nearby
particles when the physical quantity at a certain point was obtained. When the anisotropic
kernel is used, particles can be expressed as ellipsoids instead of spheres, which can solve
the problem of surface roughness. However, the method of extracting and rendering
isosurfaces requires a considerable amount of computation because the physical quantities
must be calculated for each space.

Apart from creating a surface and rendering it in the world space, there are other
approaches that extract and render particles in the screen space without creating a surface.
Among the traditional methods, one method renders point clouds [9] and another renders
fluid particles [1]. Here, a Gaussian filter [10] or a bilateral Gaussian filter is commonly used
to smoothen the surface. However, when these filters are used, there is an problem in that
discontinuities occur between the front and rear particles. One approach for resolving this
problem uses a narrow filtering technique [2], and another, called “screen-space mesh” [11],
combines the aforementioned two methods for rendering particles with a smooth surface.
Finally, another method predicts the fluid surface using ray tracing alone [12] and generates
the ray-traced image using both ray tracing and deep learning [13].

In these studies, the screen-space method has an advantage over other methods in
terms of the computation time. However, the rendering quality of the screen-space method
is primarily related to the quality of the normal map, and the existing filters do not achieve
high-quality rendering results. Inspired by the screen-space rendering method, our study
aims to generate an optimal deep learning-based filter for refining the normal map to
achieve high-quality screen-space fluid rendering.

Deep learning techniques: Deep learning has attracted considerable attention in
a variety of fields and has exhibited outstanding performance in certain areas. Image
classification has evolved to the point where it can outperform humans [14], and deep
learning is used in many fields, such as natural language processing [15] and image
processing [16,17]. Deep learning has also been used in the field of rendering. For example,
path-traced images with few samples have been denoised using an autoencoder [18], and
one study examined the high-quality rendering of various shading effects by learning
from example images [19]. Graph neural networks (GNN) [20,21], which have strong
relational properties owing to their architecture that represents relations using a graph, were
studied for simulating complex physical systems (fluid, cloth, hair, etc.). In recent years,
GNN s have been extended for non-particle-based simulations such as mesh-based [22] and
grid-based [23] simulations.

In addition, deep learning has made significant progress in creating a production
model that generates data that are similar to real-life [24]. The GAN approach, a model
introduced by Goodfellow et al. [6], creates a generation model using a generator to
generate data and a discriminator to distinguish between the generated data and the actual
data. The generator and discriminator compete to improve the overall performance of
the generator. Zhu et al. [25] proposed a cycle-GAN method for translating two different
styles of images. cGAN [5] was proposed as a method for generating data with GANs
under specific conditions, and it is better suited to the image-to-image translation problem.
Studies involving cGANSs include research on the super-resolution problem [26,27] and the
image-style transfer problem [28].
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Inspired by these studies, our research adopts the cGAN method to generate an
optimal deep-learning-based filter for refining the normal map to achieve high quality.

3. Deep Normal Map Representation with cGANSs

Our method comprises two steps: training the deep learning model and performing
fluid rendering based on the trained model (as shown in Figure 2).
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Figure 2. Algorithm overview: (a) the training part and (b) the rendering part.

In the first step, we train two networks: a generator G and a discriminator D. The
c¢GAN learns a mapping from observed data y (including a screen-space normal map, a
screen-space depth map, and a blurred screen-space depth map) and a typical random
noise vector z to the target data, x (the normal map generated by the 3D reconstructed
surface). Whereas the generator is trained to mimic the “real” normal map to mislead
the discriminator, the discriminator is trained to judge the normal map generated by the
generator as “fake” and the normal map generated by the 3D reconstructed surface as
“real”. Because we want the generator to create a normal map based on the input data
condition, the generator and discriminator both observe the screen-space normal map.

In the second step, we first create a depth map and a blurred depth map in accordance
with the existing screen-space methods. Then, we create a normal map using the blurred
depth map. The created normal map, a depth map, and a blurred depth map are given as
the input data to the trained generator to create a new refined normal map. Finally, the
refined normal map is used to calculate the lighting, reflection, and refraction for the final
fluid rendering.

3.1. Conditional Generative Adversarial Networks

There are many the state-of-the-art neural network architecture having high perfor-
mance but high cost in these day. However, because our target is the implementation of an
architecture that is highly cost-effective, our method is based on the cGAN [5] for effective
normal map refinement, where the objective function is

ming maxp V(D, G) = Ey[logD(x|y)] + E.y[log(1 — D(y, G(z|y)))]. (1)

Because generator G and discriminator D train for min-max optimization with value
function V (G, D), the generator outputs an image that is similar to the target image. Unlike
unconditional GANSs [6], G and D are both conditioned with respect to observed image
y. G generates image X according to the input noise vector, z, using information from
observed image y. D takes either observed data y and generated data X as the input or
observed image y and target image x as the input; then, it evaluates the probability of the
input image coming from the target image. D is trained to output 1 (“real”) for the target
image pair or 0 (“fake”) for a generated image pair. Meanwhile, G is trained to encourage
D to output 1 (“real”) for its generated image pair.

3.2. Normal Constraint Loss

To improve the generator’s performance, we propose a novel loss term called the
“normal constraint loss”.
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The normal map is a normal-vector-encoded image, and the normal data have the
property that their lengths are one. We can perform a transformation that encodes the
normal vector into image pixel data. First, we scale the vector by 0.5, add 0.5 for each
element, and then multiply by 255 to yield element values in the range of 0 to 255. We
denote the inverse of this transformation as N. For every pixel in the normal map to be
decoded correctly, we use a min function to help distinguish between the normal and
empty positions via unit vectors and zero vectors, respectively, as follows:

Ly = Anmin(1 — [[N(%)[[1, [|X]l1)- 2

Figure 3 presents examples of the optimization with and without normal
constraint loss.

NN

(2) (b) (c) (d)

Figure 3. Normal constraint loss comparison: (a) the input normal map, (b) the target normal map,
(c) the generated normal map without normal constraint loss, and (d) the generated normal map
with normal constraint loss.

Empirically, loss functions L1 and L2 are commonly used with GAN-based methods
to encourage G to create an image that resembles the target image [29]. We define the
difference between the generated image and the target image for each pixel’s channel as a
content loss and experiment with both L1 and L2 losses. However, our experiments and
previous approaches [4,30] revealed that using the L1 loss instead of the L2 can lead to less
blurring and fewer splotchy artifacts, as shown in Figure 4. Therefore, we adopt

Lc = Acl|x — x|z 3)

(@) (b) (© (d)

Figure 4. Loss comparison: (a) the input normal map, (b) the target normal map, (c) the generated

normal map using the L2 loss function, and (d) the generated normal map using the L1 loss function.
Our final objective function can then be expressed as
G" = mgnmgx V(D,G)+ Lc(G) + Ly(G). 4)

3.3. Rendering

After the cGAN training process is completed, we perform the rendering using the
trained generator. Given the fluid particles’ positional data, we first create a normal map
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in the screen space using a bilateral Gaussian filter. To generate a result with clearer and
more defined edges, we also create a depth map and a blurred depth map as inputs for the
generator. The generator then generates the refined normal map that we use to render the
final result. During the final rendering process, the convolution operation may cause some
noise, which we remove by ignoring the pixels whose length is less than a threshold value.
Examples of our rendering results are presented in Figure 1.

4. Training Data and Model Architecture
4.1. Datasets and Training Scenes

Now, we describe the preparation of the input and target training datasets. The input
datasets were generated using a screen-space fluid rendering method based on a bilateral
Gaussian filter. The target datasets were generated using the marching-cube method,
which is a 3D surface reconstruction method that is used for particle data. We implemented
the simulation of the fluid movement by adopting the smoothed particle hydrodynamics
method [31,32]. Figure 5 presents examples of the training data.

(@ (b) (©) (d)

Figure 5. Examples of the training data: (a) the normal map generated by the screen-space rendering

method, (b) the depth map, (c) the blurred depth map, and (d) the normal map generated by the
surface-reconstruction method.

Generating input datasets: The screen-space fluid rendering method is an existing
method that is used to render particle data in a 3D space on a 2D screen. The basic idea
is to map particles in the 3D space to a spherical point sprite on the 2D screen and blur
the image to make it look like a fluid surface. First, the 3D object-space positions are
transformed into 2D screen-space positions through projection, and a spherical point sprite
is generated around the corresponding point. However, if we blur the spherical point sprite
immediately, a problem is created. Suppose we create a virtual sphere with its center as the
front and its edge as the back and use it to generate a depth map. Because the particles need
to look like fluids, we smoothen the particle surface by blurring the depth map in the screen
space. While blurring the depth map, only weighing the distance between pixels would not
help in distinguishing between the front particles and the back particles. Therefore, we use
a bilateral Gaussian filter, which also considers the depth value. In the blurred depth map,
the normal direction is determined by the value of the differences between a pixel and its
neighboring pixels. After the normal direction is determined, we encode the direction data
into the normal map and perform deferred rendering using this generated normal map.
However, because we assume every particle to be a sphere while generating the normal
map, the surface appears bumpy, and the continuity between the front and back particle
is not represented well. Moreover, because the filter size is fixed in the screen space, the
resulting image is dependent on the distance between the camera and the particles.

Despite these artifacts, this method is most commonly used in scenes where the
emphasis is on real-time processing because the computation speed is minimally related to
the number of particles and can be accelerated using a GPU shader. In our experiments, a
normal map generated using the screen-space method was used as part of the input data,
with a bilateral Gaussian filter. To improve the finer details, the depth map and blurred
depth map were also included in the input data.
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Generating target datasets: The basic idea of the marching-cube approach is the
creation of a triangle-shaped surface from the particle data. After the surface is created, its
isosurface is extracted. First, we partition the simulation space, and the physical quantity
assigned to each space (i.e., a scalar field) is calculated using the quantities assigned to
each particle. The fluid surface is created by distinguishing the inside and outside of the
fluid using a user-defined threshold.

Increasing the resolution to partition the space equally has the advantage of creating
a smooth surface. In addition, if an anisotropic kernel is used to calculate the physical
quantities assigned to a space, each particle is not generated as a simple sphere but as an
ellipsoid, in accordance with the distribution of surrounding particles. When this approach
is used, the computation time is increased, but a more water-like surface is created. The
marching-cube method has a disadvantage in that the computation time depends on the
spatial resolution and the number of particles because a scalar field must be calculated for
each particle. Therefore, this method is not often used in real-time rendering, where the
computation time is important.

In our experiments, a normal map generated using the marching-cube method was
used for the target datasets. Because the surface creation time is independent of the
computation time of our proposed algorithm, a marching-cube surface extraction algorithm
with an anisotropic kernel was used.

While creating a normal map, the view-space normal was used, with every normal
being a unit vector in the 3D space. Therefore, to store data in the range of 0~1, each
channel was multiplied by 0.5, and 0.5 was added.

Scene types: Several sets of training data were used to investigate the results obtained
in a variety of situations (as shown in Figure 6). The training data comprised six scenes
in total. The training data and validation data were generated separately for each scene.
While training the model, we updated the weights using the training data and checked
how the training was proceeding by using validation data at every epoch.

We simulated 500 frames for each scene. For each scene, there was a static scene where
the camera was held as the motion of the fluid was rendered, and there was also a dynamic
scene where the camera moved around as the fluid motion was rendered.

In the training process, we used cropped 512 x 512 images, applying data augmenta-
tion to increase the amount of data. This process was only applied to translation (not to
rotation and shear) because the normal is defined in the view space, as shown in Figure 7.

4.2. Model Architecture

As shown in Figure 8(left), the generator contains convolution, deconvolution, acti-
vation, and batch normalization components. However, to prevent the problem of plaid
patterns following deconvolution, we did not reverse the convolution and instead resized
the data using a nearest-neighbor method; moreover, we used a same-size convolution.
Batch normalization and Leaky ReLU [33] activation were applied to each convolution
and deconvolution layer, and residual nets [34] were used. The auxiliary feature was used
in conjunction with normal data in the first stage of the generator by using the contact
operation. Because only the convolution layer is used rather than the fully connected layer
at all stages, data can be processed at an arbitrary resolution after training.

As shown in Figure 8(right), the discriminator includes convolution, activation, and
batch normalization components and a fully connected layer. We used the sigmoid acti-
vation function in the last layer to ensure output values in the range of 0~1. As for the
generator, batch normalization and Leaky ReLU activation were applied in the middle of
each convolution operation. Screen-space normals were added to enable the discriminator
to judge well.
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Figure 6. Various types of scenes.

(a) (b)

Figure 7. (a) 1024 x 1024 image, (b) 512 x 512 upsampled image cropped from a 1024 x 1024 image.

An Adam optimizer [35] was used as the gradient descent method. The initial value
of the learning rate was 0.0002, which decreased as the training progressed. We define
sampling as all the data that were sampled once in each epoch. Each training epoch was
100, and because of GPU memory limitations, we used a stochastic gradient descent that
sampled only a part of the training data during the gradient descent. The batch size was
set to 8. Because the training data were a continuous frame, we randomly shuffled it first.
The training time was approximately four hours.
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Figure 8. Model architecture: (left) the model’s generator architecture and (right) the discriminator
architecture. y is the conditional data, z is the noise data, X is the generated data, and x is the
target data.

5. Experiments and Analysis

Our system was implemented using C++, Python, OpenGL, TensorFlow [36], and
Boost Python. All the results were acquired using a standard PC with a 3.40 GHz i7-6700k
CPU and an NVIDIA GeForce GTX 1080 graphics card. Now, we will discuss our results
for the various datasets and for various parameter settings.

5.1. Auxiliary Features

As mentioned above, our model takes a normal map generated using the screen-space
method as input and generates a highly refined normal map like a normal map generated
using marching-cube method. Considering this, it is reasonable that only a normal map is
used for training. However, recent deep learning-based research has reported that adopting
auxiliary features for training improves training quality [37]. Accordingly, we introduced
auxiliary features, including a depth map and a blurred depth map. To justify our choice,
we investigated the effect of these auxiliary features.

Figure 9 presents the results obtained using the same parameters and conditions
with and without the auxiliary features. The images were generated by our model after
100 training epochs with the same training dataset. Without the auxiliary features (depth
and blurred depth), the results appear faint near the edges, and some noisy artifacts exist.
Although adding only one auxiliary feature (depth or blurred depth) produced better
results than the results obtained without either, we decided to add both features because
the result was improved at the point where the particles are tapered.

Input Target Normal
W —

el WS

Normal + Depth Normal + Depth + Blurred Depth

Feerar

Figure 9. Comparisons of the results obtained with and without the auxiliary features.

We can hypothesize ways in which these auxiliary features can improve the training
quality. The surface edge is typically generated when the distribution of the surface normal
is diverse. However, there are some cases where the surface normal distribution is less
varied (Figure 10). We assume that this is because the non-blurred depth map has a depth
value in each pixel, and the surface edge can be improved (see the red circle in Figure 9).
Because the blur method smoothens the distribution of the surface normal, the blurred
depth map has information that improves the bumpy surface (see the yellow circle in
Figure 9).
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Figure 10. (a) When an edge is generated on a similar normal distribution case, and (b) when an
edge is generated in a non-similar normal distribution.

5.2. Normal Constraint Loss

We conducted experiments to investigate the effectiveness of normal constraint loss.
We trained two models with and without normal constraint loss. After the training was
completed, we gave the same input data to both generators, which yielded the results
shown in Figure 11. Note that there are some noisy artifacts near the contour line in the
image created by the model without normal constraint loss, whereas the image created by
the model with normal constraint loss appears cleaner, and the edge features were captured
better. This confirms that normal constraint loss plays an important role in creating a
normal map. Figure 12 presents a graph of normal constraint loss over a full training run.

Without Ly  With L

Figure 11. Comparison of the results obtained by the models with and without the normal
constraint loss.
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Figure 12. Convergence of the normal constraint loss.

5.3. Training Scene

It is vitally important to confirm that the model does not overfit the training data. To
ensure that this did not occur in our model, we trained the model with reduced training
data and produced the results shown in Figure 13. The image used to validate the model
was one frame from the dam-break scene. The comparison shown in Figure 13 reveals that
the model trained with three types of scenes (Figure 13b) generated better results than the
model trained with only one type of scene (Figure 13a). The model trained with six types
of scenes (Figure 13c) generated results with clearer details. These results demonstrate
that better performance can be achieved by adopting a variety of static and dynamic
scene types.

(@) (b) ©

Figure 13. Comparison of the generated normal map results for (a) training with one scene (Sphere

Crown), (b) training with three scenes (Merging Fluid, Pouring Fluid, and Double Pouring Fluid),
and (c) training with all scenes. The various scene types are shown in Figure 6.

We can conclude that our model, when trained with all the training scene data, will
generate fewer artifacts than other approaches. This implies that learning a sufficient variety
of types of scenes can produce good results across almost all forms of fluid simulation.

5.4. Discussion and Limitation

The results generated during the training process are presented in Figure 14. At the
beginning of training, the generator acts as a filter that simply changes color. As the training
progresses, the fluid surface is smoothened, and colors similar to the actual normal map
are created. After sufficient training, the cGAN model generates a normal map similar to
the target normal map when an input normal map is supplied.
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Input Target Our result

(b)

Figure 14. Left to right, the columns present input, target, and our result. (a) epoch 0 (b) epoch 5
(c) epoch 10.

The results presented in Figure 15 were generated using the screen-space method
with a narrow-range filter, the screen-space method with a bilateral Gaussian filter, the
marching-cube surface-reconstruction method with an anisotropic kernel, and our method.
The marching-cube image resolution was 270 x 270 x 270, and an anisotropic kernel and
vertex normal were used. For the screen-space method, the parameters were adjusted to
enable the front and back of the particles to be distinguished. While using the trained
cGAN, the normal map generated by the bilateral filter screen-space method was used as
the input data, and validation data not previously learned were used. The result video can
be found in the supplementary material.

As shown in Figure 16, the artifacts that are often observed with screen-space fluid
rendering did not appear when our method was used. Moreover, the marching-cube
surface-reconstruction method had an artifact involving aliasing owing to the limitation of
spatial resolution of the marching cube. This artifact did not occur in our method because
our method creates a normal map in the screen space.
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(Narrow Range Filter) (Bilateral Gaussian Filter)

Figure 15. Comparison of the rendering results.

Our result Screen Space Surface Recon.

Figure 16. Close-ups of the rendering results for obtained using our method, the screen-space
(bilateral Gaussian filter) method, and the surface reconstruction method.

One of our method’s limitations is that some artifacts remain for dynamic scenes where
the particles are scattered. An example for such a failure is presented in Figure 17, where
our method found it difficult to refine the scattered individual particles. An interesting
aspect of our future work will be to investigate a hybrid method that can calculate the
distribution of neighboring particles around each particle, render isolated particles via a
conventional screen-space method, and render merged particles via our method.

In addition, there is the problem in that, after training, the models can be overly
dependent on the parameter values used in the training data, such as the blur scale for the
bilateral Gaussian filter. This problem can be alleviated by using training data with more
varied parameters.
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Figure 17. Failure case: (a) the input image, (b) the target image, and (c) the result obtained by
our method.

6. Conclusions

We have proposed a method that uses deep learning to refine the normal map for
screen-space fluid rendering. Our method considers the cGAN model as a filter that takes
a rapidly generated, rough normal map as its input and converts it to a refined normal
map that is similar to the normal map extracted from a 3D reconstructed surface. We
performed experiments to demonstrate that our deep normal map representation method
can be successfully applied to an arbitrary fluid scene and can even obtain better results
than the result generated by the traditional surface reconstruction method in some cases.
Although we have focused on refining a normal map, the same algorithm could be applied
to the depth map and to point clouds, in addition to fluid particles. As mentioned in the
limitations section, we will make our method more robust by using training data with
more varied parameters in the future.
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