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ABSTRACT

Visualization of vector fields is an operation used in many
fields such as science, art and image processing. Lately, line
integral convolution (LIC) technique [1], which is based on
locally filtering an input image along a curved stream line in
a vector field, has become very popular in this area because of
its local and robust characteristics. For smoothing and texture
generation, used vector field deeply affects the output of LIC
method. We propose a new vector field based on flow fields
to use with LIC. This new hybrid technique is called flow
enhancing line integral convolution filtering (FELIC) and it
is highly capable of smoothing an image and generating high
fidelity textures.

Index Terms— Visualization, Smoothing methods, Im-
age generation, Filters, Image enhancement

1. INTRODUCTION

Over many years of experience, painters, sculptures, artists,
researchers all realized how much effective the direction in-
formation is in visual perception. Together with perception,
the ways of expressing direction information effectively has
attracted a lot of attention lately.

One of the accurate and famous ways of visualizing direc-
tion information is Line Integral Convolution (LIC) [1]. LIC
investigates the direction of a vector field locally along a well
defined piecewise-linear curve. This property of LIC makes
it accurate and reliable. While being suitable for many sci-
entific applications (computer graphics, mechanics etc.), such
an ability of being local makes it also very desirable for artis-
tic applications.

In image processing, from a non photo realistic render-
ing (NPR) point of view, preservation of some saliency while
performing a significant abstraction, can tweak the brain and
create shape information while omitting the unneccesary de-
tails. Various painters such as Van Gogh, noticed this tech-
nique which is more decorative and less realistic, and used it
in painting styles such as impressionism.

One can generate vector fields in various ways to extract
certain features of the image, and use it in LIC to create dif-
ferent rendering styles. In fact, researchers tried many ap-
proaches to express different styles of digital art. E.g., in [2]
a method using LIC for generating stylistic lines is suggested.

Also, a method for generating multilayer pencil drawings [3]
and a technique to imitate the impressionist effect on pho-
tographic images [4], both of which use LIC to visualize a
vector field, are good examples of the researchers’ approach.

We suggest a new method to obtain a vector field for LIC.
This idea based on Wieckert’s coherence enhancing diffu-
sion filtering (CED) [5] which can extract the oriented flow
structures in the image by utilizing the second moment ma-
trix (structure tensor). When merged with LICs visualiza-
tion power, the flow directions of an image are visualized
smoothly.

This paper is organized as follows: First, we give and ex-
plain the formal definition of LIC. Then we present Wieck-
ert’s method for obtaining flow directions. The final section
describes how flow directions can be used in LIC and presents
results of our approach compared with other methods in liter-
ature.

2. LINE INTEGRAL CONVOLUTION (LIC)

Line integral convolution, which is a general method sug-
gested by Cabral and Leedom [1], can be used to approximate
and visualize two or three dimensional vector fields. It takes
a vector field (V ) and an input image (F ) as input. An image
and its intensity gradient can be used to generate a smoother
image, or a noise image and intensity gradient of an image is
used to obtain a texture image, as the vector field and image
inputs, respectively [1].

LIC is a derivative of a method based on convolution algo-
rithms described by Van Wijk[6] and Perlin[7] combined with
Digital Differential Analyzer (DDA) line drawing techniques
[8]. The main difference is that, LIC uses a local streamline
to generate the filter instead of using a single DDA line. This
streamline is formed by starting from a pixel location (x, y)
and moving out by the forward coordinate advection equation
given in (1):

P0 = (x + 0.5, y + 0.5)

Pi = Pi−1 +
V (bPi−1c)
‖V (bPi−1c)‖∆si−1 (1)

V (bPic) = the vector from V at lattice point (bPxc, bPyc)



se =





∞ if (V ‖ e)
0 if ( bPcc−Pc

Vc
< 0)

bPcc−Pc

Vc
otherwise

(2)

∆si = min(stop, sbottom, sleft, sright)

where (e, c) ∈ {(top, y),(bottom, y),(left, x),(right, x)}.
To obtain symmetry about the center of the streamline,

it should also be advected in the reverse direction as shown
in (3). The definitions of the variables are the same except
the prime sign which only denotes that advection is in the
negative direction.

P ′0 = P0

P ′i = P ′i−1 −
V (bP ′i−1c)
‖V (bP ′i−1c)‖

∆s′i−1 (3)

(1) and (3) are iterated L times for a streamline composed
of 2L line segments.For each segment i, an integral of a con-
volution kernel k(w) (e.g. a box filter) is computed (4):

hi =
∫ si+∆si

si

k(w) dw. (4)

where s0 = 0 and si = si−1 + ∆si−1. The value of output
image F ′ at location (x, y) is calculated as follows:

F ′(x, y) =

l∑

i=0

F (bPic)hi +
l′∑

i=0

F (bP ′i c)h′i

l∑

i=0

hi +
l′∑

i=0

h′i

(5)

where F (bP c) is the value of the pixel at (bPxc, bPyc) and
l = j such that si ≤ L < si+1.

The value of L strongly affects the result. For small L, F ′

becomes very similar to F ; and for large L, all pixel values of
F ′ becomes similar.

There are some situations at which singularities occur dur-
ing LIC calculation. When the vector field has 0 value for
any pixel location, or si = si+1 for any stream line segment;
the singularity is handled by truncating the streamline at that
point. If 0 value occurs at the center of streamline, an arbi-
trary value or a predetermined value can be used instead, in
order to be able to calculate (5) at that point.

3. FLOW ENHANCING LINE INTEGRAL
CONVOLUTION (FELIC)

The key point of our method is to identify the flow patterns in
an image, and obtain a vector field showing in the flow direc-
tions. We then make use of this field to apply LIC either to
the image for smoothing, or to white noise for texture genera-
tion. Identifying flow field is mainly composed of three parts:
Computing the robust gradients, the structure tensor, and fi-
nally the normalized set of eigenvectors which will lead us to
the flow field.

3.1. Structure Tensor

Structure tensor is a positive semidefinite, reliable derivative
matrix which describes the local structure. Assume a very
simple local structure descriptor ∇uσ, as the gradient of a
Gaussian smoothed image. Even though this is a well known
edge detector, it’s not a very appropriate smoother, since as
the noise scale (σ) of the Gaussian gets small, the result would
end up being fluctuated. As σ gets larger, the operator loses
its ability to preserve information. This effect is mainly due
to opposite signs in the neighborhood canceling each other.
To overcome this problem, the gradient operator can simply
be replaced by its tensor product ∇uσ ⊗ ∇uσ , which is the
structure tensor. The resulting matrix look like:

S =
[

I2
x IxIy

IyIx I2
y

]
(6)

In (6), Ix denotes the Gaussian derivative of u in x direc-
tion, and Iy being the same operator in y direction.

Ix = gx,σ ∗ u, and Iy = gy,σ ∗ u (7)

where:

gσ(x, y) =
1

2πσ2
e−

x2+y2

2σ2 (8)

Because S matrix describes purely orientations (without
incorporating the sign), a smoothing on the structure tensor
will yield a smoothing only on the orientation field. It’s well
known that the orthanormal set of eigenvectors of this matrix
describes the directions where local contrast is maximal [5],
[9]; and the eigenvalues measure the magnitude of this con-
trast. Hence, the dominant eigenvector (normalized eigenvec-
tor corresponding to the maximum eigenvalue) describes the
direction where the contrast is maximal. This is orthagonal to
the flow direction.

3.2. Optimized Rotation Invariance (ORI) Kernels

Unlike classical gradient detectors such as Sobel, which make
use of only 3x3 stencils, optimized rotation invariance ker-
nels utilize 5x5 stencils, which are more robust, accurate and
which can avoid blurring of artifacts. reference. ORI kernels



were already used in diffusion filtering such as coherence en-
hancing diffusion [10]. In our algorithm, instead of approx-
imating spatial derivatives using Sobel or simple central dif-
ferencing, we benefit from ORI Kernels, which are defined
as:

Ox =



−3 0 3
−10 0 10
−3 0 3


 and Oy = OT

x (9)

3.3. Flow Based Direction Field

The characteristics of the structure tensor, and its eigenvectors
form a solid basis on the computation of the direction of flow.
Because structure tensor is only 2x2, its orthanormal eigen-
vectors and eigenvalues can easily be computed analytically
as following:

wx =
2IxIy√

(I2
y − I2

x +
√

(I2
x − I2

y )2 + 4IxIy)2 + 4IxIy

(10)

wy =
I2
y − I2

x +
√

(I2
x − I2

y )2 + 4IxIy

√
(I2

y − I2
x +

√
(I2

x − I2
y )2 + 4IxIy)2 + 4IxIy

(11)

µ1,2 =
I2
x + I2

y ±
√

(I2
x − I2

y )2 + 4IxIy

2
(12)

where W = (wx, wy) is an eigenvector and WT is orthago-
nal to W . Because W ⊥ WT , when one eigenvector is com-
puted, obtaining the value for the other is straightforward. µ1

and µ2 are the eigenvalues of W and WT , respectively.
The dominant eigenvector corresponds to the direction

with largest contrast. At this point, we sample, at every pixel,
the non-dominating normalized eigenvector as our flow di-
rection, forming the direction field. As the eigenvalues are
a measure for constrast, this corresponds to the eigenvector
with minimal eigenvalue. Such a method can be defined as:

V =

{
W, µ1 < µ2

WT otherwise
(13)

After performing (13), we end up with a vector field V .
To perform FELIC, it sufficient to use V as input in classical
LIC algorithm described in Section 2.

4. RESULTS

Firstly, various algorithms are used to generate texture im-
ages for an image given in Figure 1 (a). The result in (b) is

obtained by using a method which uses continuous glass pat-
terns (CGP) [11]. The results in (b) and (c) are obtained by
white noise, whereas (d) is obtained by using perlin noise.

(a) Input Image (b) CGP

(d) FELIC with white noise (e) FELIC with perlin noise

Fig. 1. Textures generated with CGP and FELIC.

Secondly, various algorithms are used to smooth an image
given in Figure 2 (a). The outputs of CED [5], LIC method
[1] and FELIC method are presented in Figure 2 (b), (c) and
(d), respectively. Again, intensity gradient is used as the input
vector field of LIC.

In addition, the effect of increasing L is presented in Fig-
ure 3. For larger L, smoothing in the direction of flow present
in the leaves and the waterfall becomes much more remark-
able.

As can be seen from the figures, FELIC is highly capable
of capturing flow directions and representing them smoothly.
By performing FELIC, it is also possible to smooth an image
in an intelligent way.

5. CONCLUSION

We have introduced a new approach for texture generation
and image smoothing by making use of LIC and flow direc-
tions. Our results show that the suggested method successfuly
performs these operations. In terms of smoothing, it is visible
that our operator outperforms its predecessor Coherence En-
hancing Diffusion, and our suggestion is capable of producing
highly representative textures.

The use of the suggested method is not limited with the
context we dealed with in this paper. It is also possible to ex-



(a) Input (b) Result of CED

(c) Result of LIC (d) Result of FELIC

Fig. 2. Comparison of CED, LIC and FELIC Used for
Smoothing.

tend the work by using FELIC as the basis of currently avail-
able NPR effects, such as [4], to improve them visually.
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