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Abstract. Three dimensional coordinate values of parametric NURBS (NonUniform Rational B-Splines) surfaces are obtained from two dimensional
parameters u and v. An approach for generating surfaces produces a model by
giving a fixed increase to u and v values. However, the ratio of three
dimensional parameters increases and fixed increase of u and v values is not
always the same. This difference of ratio costs unrequired sized breaks. In this
study an artificial neural network method for simulation of a NURBS surface is
proposed. Free shaped NURBS surfaces and various three dimensional object
simulations with different patches can be produced using a method projected as
network training with respect to coordinates which are found from interval
scaled parameters. Experimental results show that this method in imaging
modeled surface can be used as a simulator.

1 Introduction
Customer’s preferences for aesthetic appearance may vary and this causes increase of
using free surfaces in product design. Therefore using Computer Aided Design and
Computer Aided Manufacturing (CAD/CAM) became inevitable in modern industry.
NURBS (Non-Uniform Rational B-Spline) surfaces are known as common parametric
surface definition method. Moreover, coordinate calculating about NURBS surface is
rather complex because of conversion to a basic type of surface. Since each surface
has a different mathematical expression, complete surface conversion is not easy and
conversation procedure always require casualty of surface data [1, 2].
Non-parametric methods require big amount of surface data for storage surfaces
[3]. Three dimensional coordinate values of parametric NURBS surfaces are produced
from u and v two dimensional parameters. The main advantage of the NURBS
surfaces is their ability to reproduce second-degree basic surfaces, such as cylindrical,
spherical, parabolic and hyperbolic surfaces. Furthermore, usage of NURBS in
computer graphic and CAD increase rapidly [4-11]. Another type of parametric
surface type is double cubic polynomial surface, which is out of the scope of this
study.
A common approach to produce the surface is forming a model by fixed increments
of u and v values. Despite the fixed increments in parameters, 3-D coordinates do not
change in the same amount, and this causes unwanted fractures in the surface. As a
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result the surface will not be aesthetic enough. Another approach is to make calculations
with the derivations of the parametric variables to determine the interval values of the
surface. However, this approach increases cost and complexity of surface calculation [12].
Artificial Neural Networks (ANN) is a machine learning algorithm which
simulates human brain cells. ANN is efficient method to solve complex and nonlinear problems. They are successfully used in many areas especially in image
processing and pattern recognition. Once the Neural network is trained, it can solve
the problem efficiently [13-18]. ANN is formed by a number of connected neurons in
layers. A neuron in ANN puts a linear combination of its input(s), either from the
previous layer of neurons or from user input and its weight into an activation function.
This function returns the value that the neuron will pass on to the next layer. The
ANN learns by adjusting these weights by some pre-chosen algorithm. To solve a
non-linear problem, a multi-layer ANN should be used which contains one or more
hidden layer [19-23].
In this study we present an alternative method based on an ANN model, to produce
three dimensional surfaces as an image. The ANN model is developed to calculate
intermediate values of a NURBS surface which is produced by giving a fixed increase
to u and v parameters.

2 Parametric NURBS Surfaces
NURBS is an industry standard for geometric design and visualization. Some
advantages of using NURBS surfaces are listed below [24-28]: (i) It is a common
form that is suggested for both Standard Analytical Form shapes and free form
shapes; (ii) It provides flexibility for designing shapes in many different types; (iii)
They can be processed efficiently by digital and stable algorithms; (iv) They have an
unchangeable character under affine like perspective transformations. NURBS are
generalization of rational and non-rational Bezier curves and surfaces. One of the
disadvantages of the NURBS is, even defining a basic shape like a circle, requirement
of additional memory. In addition to control points, some other parameters appear in
the definition of NURBS. But after the operation it supplies wanted. NURBS shapes
can not be defined only with control points; weight of each control point is also
required. A NURBS curve, C(u), is a vector valued and piecewise rational function
which can be expressed as;
n

C (u ) =

∑

W

i = 0

i

* P

i

* N

i ,k

(u )

(1)

n

∑

i = 0

W

i

* N

i ,k

(u )

where Wi represents weights, Pi represents control points (vector) and Ni,k is the
normal k degree B-spline basis functions and Ni,k can be defined as a recursive
function as follows:
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⎧1, if ti ≤ u ≤ ti +1
⎫
N i ,0 = ⎨
⎬
⎩0, ti ≤ u ≤ ti +1 , otherwise ⎭

where ti represents knots that are shaped by a knot vector and U= {t0,t1,…,tm}.
A definition of a NURBS curve in equation (1) can be organized using rational
basic functions as follows:
C (u ) = ∑i =0 Pi * Ri ,k (u ), and Ri ,k (u ) =

Wi * N i ,k (u )

n

∑

n
j =0

W j * N j ,k (u )

(3)

Any NURBS surface is defined similarly by:
S (u , v) = ∑∑ Pi , j * Ri ,k , j ,l (u , v), and Ri ,k , j ,l (u, v) =

Wi , j * N i ,k (u ) * N j ,l (v )

∑ ∑
n

m

r =0

s =0

Wr , s * N r ,k (u ) * N s ,l (v )

(4)

3 Artificial Neural Network Model
Input Vector

Output Vector

Fig. 1. Desired model of Artificial Neural Network

3.1 Major Construction of Network
ANN structure is shown in Fig 1. Network is constructed in two layers. First layer has
two neurons (G1, G2) and second layer has three (C1, C2, C3). Second layer works as a
shape producer and function of the first layer is key point distributor. Network’s input
is a 3 dimensional X= (u, v, bias) vector. Bias input is 1, and network’s output is 3
dimensional Y=(x, y, z) vector. Each neuron of first layer is one-to-one related to each
input and first two layers are completely related to each other. The power of relation
between mth input and nth neuron of first layer is represented by Wmn. W power matrix
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is formed from m X n power matrix and the power of relation between first layer’s nth
output and pth nerve under second layer is represented by vnp. V power matrix has nXp
size. In the network design, m=3, n=4, and p=3.
A learning period is needed by artificial neural network similar to the human brain.
During the calculation process in designed ANN, x, y and z coordinate values are
calculated and saved into a file according to the addition of u and v, then
generalization is done by using weights which obtains relation between neurons
according to the these data (NURBS surface coordinate x, y and z that match u and v
values). In the learning process back-propagation algorithm is used to obtain desired
output.
3.2 Training Algorithms
In general, training algorithms for neural networks can be classified into three basic
groups: controlled learning, non-controlled learning, and reinforcement learning.
Learning in the neural network determines the weight set that gives the desired output
of the network which is tested for inputs and outputs. This weight vector is formed by
increasing or decreasing the values of the weights in a loop until the differences
between desired output and network output is minimal. Back-Propagation learning
algorithm is one of the most common of them. It has been used in several areas.
However its learning time is long because its approach ratio is very poor. Catching
local minimum is another disadvantage of Back-Propagation algorithm. Another
learning algorithm Levenberg is a variation of Newton Algorithm. Its learning time is
shorter. On the other hand, more calculations and memory resources are required.
Back-Propagation algorithm requires less memory but convergence to result is slower.
For this reason Back-Propagation algorithm is preferred in ANN design.
3.3 Back-Propagation Learning Algorithm
With back-propagation, the input data is repeatedly presented to the neural network.
With each presentation the output of the neural network is compared to the desired
output and an error is computed. This error is then fed back (back propagated) to the
neural network and used to adjust the weights such that the error decreases with each
iteration and the neural model gets closer and closer to producing the desired output.
In this study, particularly, delta rule is used which is commonly used in training of
multi-layered networks. Modification of weight between jth input and ith neuron for k
sample pair of input-output is expressed as follows:
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where Ti is desired target output, Oi is real output, α is ratio of learning, and xi is jth
input of network. For a sample pair on kth layer, total error and average error function
is defined as:
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where Tk is desired target output, Oj is calculated output, and p is the total number of
input-output pair in the training set. In the case of not converging, the formula can be
generalized as in (7) for setting weights as it includes β momentum term:

Δ w i , j ( t + 1) = α

δ O
k

k

i

j

+ β Δ w ij

(7)

where β is momentum term, δik is ith neuron’s error value for k sample pair and
contains derivative of used threshold function. The threshold function determines the
output of process element. Usually, a function which can derivative is preferred.
Although there are many types of threshold functions, sigmoid function is used in this
study because it is used commonly in back-propagation.

(a)

(b)
Fig. 2. Two different sample surface; (a) First two Surfaces (above) (b) Second Surfaces
(below) (are produced by Solidworks and Neural Network)

4 Experimental Results
Two different surfaces produced by commercial software Solid Works 2004 and
displayed in Fig 2 are considered in this study for experiments. Coordinates on the
layer (S(u,v)) are generated by fixed increments of 0.1 on u and v values as the surface
is created. After network is trained according to these values, weight values are
calculated by Back Propagation Learning Algorithm. Then surface coordinates is
produced by giving u and v the values that are multiples of 0.1. Parametric equation of
surface, real coordinates which is produced according to this addition, and coordinate
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values which are produced by suggested method are compared and a part of
comparison results for one of these surfaces is given in Table 1. Experiments show
that our model is flexible enough and able to model any desired shape. A comparison
of the computation time shows that our approach yields faster results than the other
algorithms that have fixed u and v increment after the first training of network.
Table 1. Surface Coordinates Values that are Produced by Solid Works 2004 and Back
Propagation Algorithm

u

v

0
0
0.2
0.4
0.6
0.6
0.8
1
1

0.2
0.8
0.8
0.2
0
0.2
0.8
0.6
0.9

Solid Works Outputs
X
Y
Z
0
40
0
0
160
0
49
160
30
84
40
27
115
0
27
115
40
27
163
141
30
200
120
0
200
190
0

ANN Outputs
X
Y
2
42
10
167
34
125
77
30
110
9
111
20
150
160
199
170
200
197

Z
11
9
24
20
27
27
30
0
0

The graphical relationship between the number of iterations in training the ANN, the
computation time, and the r2 values for the surface of Fig 3.a is displayed in Fig 3.b.

Fig. 3. (a) The test surface saved as NURBS for simplicity. (b) The relation between a number
of iterations and used time for training of ANN in terms of surface demonstrated in Fig. 3.a.
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5 Conclusion and Future Work
An approach is defined by using ANN’s for getting intermediate coordinates of three
dimensional NURBS surfaces. Free form shaped NURBS surfaces which do not
contain pockets and various three dimensional NURBS models which are formed
from several patches can be produced by using this method. Experimental results
show that this method can be used as an alternative simulation tool for visualization
of the modeled surface.
As a future work, other Artificial Intelligence techniques can be employed to
calculate intermediate values of these surfaces and results can be compared.
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