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ABSTRACT

The quantitative analysis of 2D fluid velocity field plays
an important role in the investigation of fluid mechanics and
other areas. In this paper a new system for analyzing 2D
fluid image is presented. The 2D flow visualization image is
input through a TV camera, and then followed by a set of
processes to extract the velocity information, finally the prin-
cipal parameters of the flow field are computed and
displayed. In this system the control strategy is mixed
bottom-up and top-down and the knowledge of the fluid
mechanics is introduced on several levels to improve the per-
formance of the system. For this reason, it is more efficient
and has more powerful functions than the conventional ones
by reducing the human intervention.
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field, line feature extraction, velocity direction determination

1. Introduction

The quantitative analysis of the 2D fluid flow plays an
important role both in the investigation of the flow mechan-
ism, and in many application areas, such as machinery,
chemical processing, hydraulics, etc. [1]. The hot-wire
anemometer and laser Doppler anemometer are advanced
instruments for the measurement of dynamic flow velocity.
Although the accuracy of them is high enough, only one or a
few velocities can be measured at one time. In the case of
some complicated fluid flow, such as unsteady flow field,
velocity distribution of the whole flow can not be measured

by the above instruments instantaneously. In order to study
the whole dynamic flow, we must measure the velocities
simultaneously. Flow visualization techniques provide useful
information about the behavior of the whole flow field, but
they are not usually intended to provide quantitative velocity
data. Recent developments of image processing techniques
has been promoted in the flow measurement. Some research-
ers applied the speckle method to the measure of the fluid
velocity in the 70°s and 80’s [2]. In the early 80’s Kensaku
Imaichi, Kazuo Ohmi and et al. developed some new systems
for computing some of the principal physical variables of
fluid by combining the flow visualization and image process-
ing techniques [3, 4]. These techniques take the advantage of

measuring the whole 2D flow field at the same time, whether
steady or unsteady. In comparison with the point by point
measurement, it is a tremendous progress, but there is a tedi-
ous and time consuming input procedure with too much
man-made intervention in the above system, because the
tracer pathlines are input by the manual operation on the
digitizing tablet.

In this paper, a new flow image analysis system for 2D
dynamic flow is presented. The main goal of the research
described here is to develop a more efficient and flexible sys-
tem in this domain. There are two important problems to be
considered. First, although there are a lot of image procssing
techniques [6, 7], most of them have to be modified or
improved in order to fit the requirements for the quantitative
analysis of the flow velocity-field. In some steps, we have to
develop some new schems for our system such as the direc-
tion determination, etc. Second, it is necessary to represent
the domain-specific knowledge in some way, so this
knowledge can be used during the analysis to make the sys-
tem more efficient and robust. The control strategy of this
system is mainly bottom-up as shown in the major block
diagram (see Fig. 1). The control proceeds from the noisy
grey-level image to line structures and finally to the descrip-
tions —the physical parameters of the fluid flow. The data
flow is passed from the low level to the higher one under the
image driven mode. But in some steps, the image processing
procedure is model-directed, i.e., top-down; knowledge of the
geometry and the fluid mechanics has directed the analysis to
improve the accuracy and reliability here. To sum up, this
system involves the control of a large and complex image
processing tasks. To achieve a more automatic and powerful
system, we use the mixed bottom-up and top-down control
strtegies here. In the next sections we will give some details
of several important steps of this system.

2. Pathline Enhancement and Feature Image Extraction

It is difficult to extract the pathlines directly because
some pathlines in the image are degraded by noise and
interference. Therefore some preprocessings must be under-
taken before extracting the pathlines.

2.1. Preprocessing
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Because of the illumination variation of the light source,
the background intensity is often nonhomogeneous. An
improved local contrast stretching method is used to remove
this nonhomogeneity. The main idea of this method is to use
the mean of grey levels in a neighborhood as the estimated
background intensity and use the grey level variance of the
same neighborhood for estimating the intensity variation
caused by the tracer pathlines. Suppose the grey level of the
central point of the neighborhood is f(xy), and the local
mean grey level is f,(xy), the following transformation is
implemented [5]

8 + Ky » Max {O-U'(X-)‘) — fa(x3)) } . Or> Vi

gxy) =
8o + K2 ¢ Max {O.U(x.y) = fa(x,Y)] } , otherwise

where g(x,y) is the new image grey level, o, is the variance of
the grey levels in the neighborhood; X, and Kk, are gain fac-
tors, generally K, > K,; gy is a preset background grey level
we assume to take after the preprocessing. As seen in Figure
2 (a), (b), the experimental result is good enough for the
further processing.

2.2. The Consistent Relaxation Algorithm

Based on [9] our improved consistent relaxation algo-
rithm is used to enhance the pathlines. The algorithm is an
iterative process which consists of the following two pro-
cedures.

(1) The initial labeling procedure

A set of templates shown in Figure 3 are designed to
detect line structures in the image. These templates take the
advantage of the uniform response to the lines widths. Their
applicability is excellent. The line strengths in four orienta-
tions are denoted by S, (k = 1,2,3,4) which can be calculated as
follows: ;

a) For 0° and 90° orientation:

A=Ay +Ap+A;3 C =Cy+Cip+Cyy
A=Ay +Ap +Ay (2-1)

"B=B;+By+B, Cy=Cy +Cp +Cp
For 45° and 135° orientation:

Ar=Ap+Ap+Ag Ci1=Cp+Cpp+Cys

Az =A23 ot A22 + 1/2(A21 +A24) (2'1)

B=B;+B,+B;
b)

S =T[B-min(4;,A;), B-min(C,C,)] (k=1,2,3,4)

Cz =Cy + Cyp + 1/2(C21 + C24)

where the truncating operator T[ , ] is defined as

x+y ifx20 and y 20,
Tlxyl=
0 otherwise.
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A complex image d(i) is formed, where i represents the
ith pixel of the image, and suppose the image size is
N xN, we have

d@) = ):j Si) exp[jm(k—1)/2] 1 <i<N? 2-2)
k=1

We can normalize d({) to obtain an initial iterative
image.

e°(@)=d()/ max(|d(m)|) 1 <m<N? (2-3)
The magnitude of ¢°(i) gives the line strength of the ith
point, while the angle of °G) gives the direction in

which the tracer pathline, if there is one, passes through
that point.

y=0/2 (2-4)
where v is the actual angle of the pathline 0<y < 1809
and 0 is the phase angle of e°(i).
(2) The iteration procedure
Starting from ¢° a series of complex images

e el, .., e, e, .- are obtained
fi)= Y Ckiple’()l k=1234 (2-5)
JjeN;
gi() = max{0,f7()} k =1,2,3,4 (2-6)
@)=Y giG)explitk— 1) m/4] k=1,23,4 2-7)
k=1

ey = {"m‘") |95 o=

IO TG 19O > 1 2-8)

where N; is the 3 x 3 neighborhood of the point i. The C(k4,j)
in (2-5) is called a consistent factor and C(k,i,j) is given by

w; €os(8; — 21;) P=1
C(kyiyj) =W COS(Wij —\lfg)[COS(ej -0,)+ (9, = 2\|Ik)] JEN; and Jj#i
0 otherwise

2-9)

where 0,, 6, are the angles of e’(i), e’(j) respectively, v is
computed by

ywi=k-1)n/4 k=1234 (2-10)

y; is the angle between horizontal direction and the line con-
necting points i and j. A simple explanation of the meaning
of C(ki,j) is : for the center i of a neighborhood, C (k,i,j) will
get its maximum when 6; is equal to 6; , and it is coincident
with the direction of the line connecting points i and j, as
well as the direction to be considered.

Through the iterations, the pathlines contained in the
original image are gradually enhanced as shown in Figure 4.
The convergence of this process can be shown using the
method similar to the one in [10].

2.3. Feature Image Extraction

A binary feature image B(,j) can be obtained by multi-
ple thresholding the image enhanced by the above consistent
relaxation. The advantage of multiple thresholding is in its
efficiency in extracting the pathlines while reducing the pos-
sible connected pathlines which may appear by using the
simple thresholding. Each 8-connected region (a set S) in the
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image B (i,j) represents a tracer pathline. First, for each con-
nected set in the feature image, a straight line of the form
y=ax+b is estimated by grey-level-weighted least-square
method, which can be implemented by minimizing the fol-
lowing evaluation function ;

E= ¥ gxy)0:—ax —b) (2-11)

.y)es

Then two end points of this point set are selected based on
the criteria that they can not be too far from the line approxi-
mated and that their grey-level can not be too low either.
Their projections on the estimated line yield the starting and
ending points of the pathline.

3. Extracting the Direction Information of the Velocities

To determine the starting point of a pathline, a two step
procedure is adopted because of the ambiguity of the velocity
direction: first, the velocity direction is initially labeled by
introducing the knowledge about the fluid mechanics; then a
relaxation process is performed to get a global consistent
flow field. We will present two different methods for the first
step in the next two subsections.

3.1. The Projection Method

For the image which is taken under a shot flash plus a
little bit longer illumination, the pathlines always consist of a
bright round point and a trailing line. Usually the diameter
of the round point is greater than the width of the line, see
Figure 5(a).

The starting point is determined by the help of its grey-
level projection onto the principal direction. Obviously, the
peak of the projection curve corresponds to the starting point,
see Fig. 5(b). An algorithm is developed to detect the loca-
tion of the peak, i.e., the location of the starting point.

Algorithm 3-1:
1. Suppose a pathline~a feature point set S is found. Com-

pute the mean of grey-levels g,, and the standard devia-
tion STDD of this set.

2. Compute the grey-level projection of the set S onto the
principal direction, and calculate the summation of the
projections within the two end intervals( A, and A;).
Suppose they are s, and s, respectively.

3. If Isop-s, 1 >X,STDD and 5025, , then the starting
point is p, , otherwise is p, . Goto 5.

4. If it is difficult to determine the velocity direction only
based on the pathline itself because of the noise, then
the velocity direction of the previous adjacent pathline
is used to determine the direction of this one.

5. Search the next pathline and determine its direction.

The sizes of A, and A; depend on the length of the path-
line, usually 3-4 pixels, and the X, depends on its average
width.

An example of this procedure is shown in Fig. 5. Since
sometimes the flow field is much more complicated, it is
necessary to use the relaxation procedure to adjust the direc-
tions of those incorrectly directed pathline remained.(see 3.3)
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3.2. The Control Point Directed Method

When the flow image is taken without a shot flash, the
above method can not be used for determining the flow
direction. Although there are no general solutions for this
situation, for certain kinds of flow fields, the knowledge
about the fluid flow may be used as an aid to the direction
discrimination. Here the high-level model in the knowledge
base generates expectations of the flow directions. The pro-
cess here is the verification of the consistency between the
hypothesized directions with these expectaions under the
model-directed mode.

First, the directions of velocities at the boundary are
determined based on the boundary condition, e.g. basically
they are from left to right at the left boundary. Second, a set
of control points P; are preset by giving their coordinates
(%, ¥, i=1,2,...,N. The corresponding weights of their control
ranges W; and rotation directions (clockwise or counter-
clockwise) R; are specified. Then for each pathline, its
weighted distances to all the control points are calculated and
compared. Finally, the direction of any pathline is chosen so
that it is consistent with the rotation direction of the nearest
control point. As a rule of thumb, vortex centers may be
chosen as control points. The directions can be determined
by the following algorithm.

Algorithm 3-2;

1.  For each pathline /;, compute the coordinates of its mid-
point, and the vector from the start to the end v;.

2. Compare all the weighted distances ( weighted by W; of
each control point P;) to find the least weighted distance
and its control point as shown in Fig. 6.

3.  After having found the nearest control point, compute
the distance from it to the midpoint of the pathline v;.

4. Calculate the absolute value of the cosine of the angle
extented by r; and v;, if this value is greater than a
threshold, then do (1) otherwise do (2).

(1) In this case, v; is almost parallel to the r;; based on the
principal direction of the flow. If that direction is very
close to the principal direction, keep it unchanged, oth-
erwise inverse it.

(2) Compute the rotation direction of the v; around the con-
trol point with the vector r; directed to its midpoint. If
this rotation direction is the same as that of the control
point, the velocity direction is correct, otherwise inverse

the direction of that velocity.
5. Goto 1, until every pathline has been checked.

The vortex centers can be selected as the control point
as shown in Fig. 7. The pathline v, is close to the up con-
trol point and the angle extended by v, and r, is close to right
angle, so the direction of v, must be from left to right based
on the rotation rule. The pathline v, is similar to v,. The path-
lines v, and v, belong to the region of the principal flow , and
the angles between v and r are very small, so their directions
can be determined according to the principal direction.

It will be shown in the experiments that the velocity
directions can be more reliablely determined under the gui-
dance of the knowledge of the fluid mechanics introduced
here.
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3.3. The Relaxation Adjustment of the Velocity-Direction

A well designed relaxation algorithm has been
developed to adjust those incorrectly directed pathlines after
the initial direction determination because the noise interfer-
ence. This algorithm is based on the fact that the flow direc-
tions have to be consistent in any local region similar to the
optical flow [10]. There are three kinds of relations between
any two pathlines: consistent, unconsistent and independent
as shown in Fig 8. The consistent function is defined as fol-
lows:

C(v;, vj) = W(d;;)cos® (3-1
where v; and v; are two velocity vectors, 8 is the angle

extended by them. W(d;) is the weight function decreasing as
the distance d4;; is increasing:

W(dij) = Bexp(— Ady; / v; ) 3-2)
Where A and B are constants, v; is the length of v;. The above
definition means that the effect which v; acts on v; is decreas-
ing as the d; is increasing. The confidence of the velocity

direction can be computed using the following iteration for-
mula

CfY (v)=CP(v) + C (v v cP (v) (3-3)

After comparing the confidence cf* with a threshold, if it is
lower than the later, the direction of the lines are inversed.
A more consistent flow field can be obtained after a few
iterations. An experimental result is given in Figure 9.

3.4. Interactive Man-Machine Local Modification

If the quality of the flow image is not good enough,
there may be still some inaccurately extracted pathlines, so
we have to do some local modifications by man-machine
interaction to get a perfect pathline image, as shown in Fig-
ure 10.

4. Velocity Field Reconstruction and the Calculation of
Principal Physical Variables

The direction of the pathline represents the direction of
the velocity while its length is the distance which the tracer
has moved in the exposure interval. Thus the actual veloci-
ties can be computed by the length of the pathline divided by
the exposure interval. Based on those randomly measured
tracer velocities, the flow velocities at mesh points can be
estimated. Then the stream function and the pressure at mesh
points can be computed using the line-integration method.

The following second order linear approximation model
is applied to compute the velocities at mesh points.

Suppose P,(x,, ¥,) is the coordinates of a mesh point,
and P(x, y) is a neighboring point of P, with the known
velocity. Let

Axy = X — X,
AYe =Yk — Yo @)
Then based on Taylor series expansion we have:
u(xe Ye) = u(x, yo) +0ulox |, Ax +0u/ay |p, Ayx
+0%u 1 0x9y |, AxeAye 4-2)
+9%u 1 3x? |, Axf +9%uldy® |, AVE
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V0 Y8 =V (%r o) +0v [ Ox 1, Axy +3v /3y 1, Aye
+0% / oxdy IP. Axp Ay (4—3)
+0% [ 3x? |, AxE +3%v [ 3y? |, Ay

Where 2(x;, y), V(. %) are the x and y components of the
nonzero velocity at some mesh points. They have been
obtained in the previous step. Based on the uncompressibil-
ity of the fluid flow, the following equation has to be
satisfied

2+ 31, =0 (4-4)
Solving equations (4-2), (4-3) and (4-4) we may esti-
mate the velocity and its partial derivatives at each mesh
point P, by means of the least-squared method. The
estimated velocity distribution at mesh points is shown in
Fig. 11. Then the velocity at any point in the 2D flow field
can be interpolated from the velocities at the mesh points.

Finally, the stream function and the pressure can be
computed by the line integration method, e.g. for the stream
function we have

P
w=vo + [ (udy-vdz) 4-5)
0

where the v, is the value of stream function at the origin of
the flow field, usually the initial value of o is supposed to be
zero. The origin of the coordinate system is located at the
center of the image and the integral path is shown in Fig.
12(a). The stream lines are shown in Figure 12(b). These
computational results are very useful for the fluid flow
analysis.

5. Conclusion

A new image processing system has been developed for
computing the principal physical parameters of 2D flow,
steady and unsteady. Some new image processing tech-
niques and algorithms have been developed for this system.
So the visualized 2D flow image can be input automatically,
and can be processed under the model directed mode to get
the instantaneous distribution of velocity, stream function
and pressure with reasonable accuracy. The measurement
error of the velocity calculated from the flow visualization
picture was within 6%.
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(b) Contrast stretching of (a)
Fig. 2. Preprocessing.

For 0° and 180°

For 45° and 225°

Fluid Mechanics
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|
1 velocity field reconstruction ]————

physical variables

=%
L display j

Fig. 1. The major block diagram of our system.
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Fig. 4. The enhanced image after S iterations.
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x Al X
(a) A pathline with a bright (b) The projection onto the
round point. principal direction.
Fig. 5. A sketch of a pathline with a bright round point
and its projection.

Fig. 6. The comparison between weighted distances. If ]
Wi=W; , it is obvious that Wir,< Wyr,. Fig. 10. The flow after the man-machine modification.

Ve

w oy . :
Z principal direction
——— i~
Fig. 7. The direction determination of the velocities in a Fig. 11. The velocity distribution at the Mesh points.
unsteady twin-vortex flow. The control points are y e vy PRT (oM 180 Tng sen
set at the vortex centers. One of the rotation is
clockwise and another is counter-clockwise, weights P
Wl = Wz.
0
(a)The integration path. (b)The stream function.
i e e : ;
s Fig. 12. Stream function.
consistent independent unconsistent

Fig. 8. The direction consistency between two pathlines.
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