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Abstract—An image line is a very reliable feature in the feature-based structure-from-motion (SFM)
problem. It has at least three advantages: (1) it is not easily affected by occlusion. (2) It can achieve subpixel
accuracy. (3) The correspondence problem is easier and less ambiguous. Although some generalized SFM
algorithms using image line features have been recently developed, they usually suffer from high error
sensitivity and large matrix size. Besides, in order to make their estimations more robust, many line
correspondences (much more than the least requirement in theory) are usually needed. These shortages are
not beneficial for practical use.

Because many sets of parallel lines are frequently encountered in an artificial 3D environment and can
be easily identified, we try to utilize these identified parallel lines to simplify the generalized SFM problem
and improve the performance of parameter estimation. A fast and reliable algorithm is proposed in our
paper. Both computer-generated and real-world images are tested and several satisfactory results have been

obtained. In addition, its error sensitivity and data degeneracy will be discussed.

Parallel lines Quaternion

1. INTRODUCTION

In the so-called structure-from-motion (SFM) problem,
many kinds of image features such as points, line
segments, lines and contours have been widely adopted
for deriving the SFM algorithms. Here, line segments
contain the information of their end-points but lines
do not. An image line is considered as a fairly reliable
feature for several reasons: (1) a line feature is not easily
affected by occlusion: even if some part of an image
line is missed or occluded, the whole feature may be
completely reconstructed from its remaining parts; (2)
position measurements of line features can achieve
subpixel accuracy; (3) the problem for solving line
correspondences is easier than that for point corres-
pondences because more information (line orientation,
length of line segment) can be utilized. Some related
research about tracking image line segments (or lines)
are listed in references (1-4). Other related research
about motion estimation from image line or line seg-
ments are listed in references (5-15).

However, it is not easy to solve the SFM problem if
prior information or some special motion and structure
constraints are not available. It is usually because of
the nonlinearity of their key equations. Wong et al.®
Liu and Huang'” Spetsatis and Aloimonos'® indepen-
dently proposed similar generalized linear algorithms
using at least 13 line correspondences at three views.
Although a closed-form solution can be obtained, it
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has several disadvantages: (1) its error sensitivity is
high; (2) in order to solve the problem linearly, a lot of
intermediate variables are defined and some important
rigidity constraints are ignored. That is, many extra
unknown variables need to be solved and the size of
the linear system must be large; (3) in order to achieve
a reliable estimate in practical application, the number
of line correspondences is usually much larger than 13.
If there are not enough line correspondences, a non-
linear iteration method, such as (7, 9) should be adopted.

In fact, the generalized SFM algorithms'>'® are not
very suitable for use in an artificial environment be-
cause some additional constraints about structure or
motion are usually available. For example, there are
some familiar constraints such as the ground planar
constraint (GPC),''® the Legoland constraint''” (there
exist three sets of parallel lines which are orthogonal to
each other), and the epipolar constraint (used in a
stereo vision system). Chen'!'® solves the motion pro-
blem by using line-to-plane correspondences. Sarali
and Jong"" and Zhang and Faugeras''? use line
segments. Faugeras et al.'® discusses differential
motion estimation by using line correspondences.
Henriksen and Arnspang'# propose a method for
solving the orientation of a translating straight line in
3D space. These special SFM algorithms are usually
simpler and much more reliable than the generalized
ones.

Recently, set of parallel lines which are frequently
encountered in an artificial environment have drawn
alot of researchers’ attention. They are usually utilized
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in the applications of camera calibration.! 7~23 Several
methods about detecting parallel lines or vanishing
points in 3D space were also proposed.?4729 In this
paper, we extend the application of parallel lines to the
area of motion estimation. After introducing this con-
straint, we hope the SFM problem can be solved more
reliably and easily. In our algorithm, at least two sets
of parallel lines in 3D space are required to solve the
motion parameters. Because such a requirement can
be very easily satisfied in a man-made environment, it
is highly valuable in real applications. Experiments
show a fairly good performance in estimating the
desired motion and structure parameters. Both the
computer-generated and real-world images are tested.

Our paper is organized as follows: Section 2, problem
formulation; Section 3, description of the algorithm;
Section 4, discussion about the algorithm; Section 5,
experiments of computer simulations and real-world
images; Section 6, concliision; and finally, the Appendix.

2. PROBLEM FORMULATION

By examining Fig. 1,it can be seen that a rigid object
moves in 3D space which is observed by a steady
camera that obeys the rule of perspective projection.
The viewing field of the camera is small (explained
later). N, frames are recorded as a monocular image
sequence. In this image sequence, N image lines pro-
jected by the line features on the rigid object can be
continuously traced. We also assume that the corre-
spondence problem has been solved previously. For
the N line features on the rigid object, some unknown
part of them belong to several sets of parallel lines in
3D space. Now, our problem is: “How to solve the
motion and structure of the rigid object by using the
given N image line correspondences?”.

3. ALGORITHM

Before introducing our algorithm, some variables
are defined as follows for a more convenient description
(also see Fig. 1).

(lyingon a
unit sphere)

-

_____
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The jth line feature on the rigid object at time ¢, is
denoted by L;; The orientation denoted by I;;. The
normal vector of the plane which passes through the
focal center F and the image line /; is denoted by &;;
(lle;l=1). Herei=0to Ny—1, j=1to N.

Because some unknown part of the line features on
the rigid object belong to several sets of parallel lines
in 3D space, the N indices of j can be considered as a
union of several sets.

W=HuUS,USu-USy. (H

Here, W is the universal index set {1,2,...,N}, S is
the set of indices which are corresponding to the kth
set of parallel lines on the rigid object. There are totally
M sets of parallel lines on the object. The set H contains
other indices which do not belong to any one set of
parallel lines. Because every line belongs to the index
set S, has the same orientation vector d;;(at a fixed time

t;), we may define a new vector m,.
m, =d,;; where jeS,. (2)

The coordinate transform between a point P, on the
rigid object at time t,, and its corresponding point P,
at time ¢; can be defined as

P;=R,Py+T, 3)

where the matrix R, is a 3 x 3 orthogonal matrix, and
T; is a 3 x 1 translation vector (see Fig. 2).

R
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Fig. 2. The definition of motion parameters between ¢, and
t;.
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the target at time t,

Fig. 1. Projection of the line features on the target. Here ¢, is the normal vector of the plane passing through
the focal point F and projected line /,;.



Monocular image sequence

Our algorithm is divided into three parts, described
in the following three subsections.

3.1. Identifyving the sets of parallel lines in 3D space

In the problem formulation, N image line features
can be obtained at each one of the N, frames. We also
assume that some unknown portion is projected by
several sets of parallel lines in 3D space (the image lines
whose indices are in the index sets S,s). A method for
identifying the sets of parallel lines is proposed here.
In the other words, we try to determine the elements
in the index sets S,s.

For providing more concise concepts to readers, a
standard cube shown in Fig. 3(a) (the Oth image frame)
is utilized to illustrate several important characters of
our method. Figure 3(b) shows their corresponding
vectors €48 on a unit hemisphere. Note the directions
of coordinate axes drawn on this figure. The circular
band on this hemisphere represents the possible region
where the vectors g,,5 may exist (due to a small viewing
field, see Appendix for more detail).

Before formally introducing our method, the con-
cepts used in previous clustering methods?*~?® are
briefly discussed. Consider frame No. O (the frame
grabbed at time t,). For the image line /,; whose index
j belongs to the kth index set S,, we have

€9, Mg, =0, je§,. 4)

This means that the cross-product (x) of any two
unit vectors &¢;, and &, (here j,, j, €S,) will be parallel
to the direction vector my;. We may define this unit
vector as

a0

(%) = unit vector of {&y;, X &;,}. (5)

where the superscript (0) means the Oth image frame.

Therefore, previous clustering methods usually create
an accumulation map on a unit hemisphere Z < 0 [see
Fig. 3(c); please note the directions of the coordinate
axes]. These methods pick every distinct pair of the N
unit vectors gq;8 (say {€o;,, £0;,1/1,J2€W}), calculate
the unit vector n{?),, and add a constant value (say 1)
to its corresponding position on the accumulation
hemisphere. Besides, the unit vector n{), can also be
explained as the unit vector of [x, y, 117, where [x, y]*
is the intersecting point of the two image lines /,;, and
lez' .

Theoretically, M highly accumulated peaks corre-
sponding to my,s can be found on this hemisphere
[M = 3in Fig. 3(c), represented by a mark “0”]. Except
for these high peaks, there are many widely spread
lower peaks created by the cross-products of £ ;s from
different index sets S;s (represented by a mark “+ 7).
[t is obvious that the detection of high peaks will be
considerably affected by these low peaks if observation
errors exist. However, especially when the numbers of
elements in the index sets (S,s) are small, the perfor-
mance of the accumulation hemisphere is very poor.
See Fig. 3(a). It has 12 line features, and each one of
the three parallel line sets has four lines. So we have a
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total of C}? =66 points on the accumulation hemi-
sphere, and 3 x C% = 18 points of them will correspond
to the desired three high peaks (height = 6). The other
66 — 18 = 48 points, quite a large fraction of the total
66 points, are considered as clutters. The so-called
clutters defined here are the clusters that do not contrib-
ute to finding the desired peaks. Unfortunately, these
clutters are not usually widely spread and low enough.
They deteriorate the detection of the correct high peaks.

From the discussion in Appendix, we know the
projected image lines corresponding to the set S, will
look approximately parallel in a small viewing field if
the angle 0,, is large enough. This angle is defined as

()OkECOSﬂHmOk’[O,O,1]7‘|)‘ (6)

It also means that the position of their vanishing
point on the image plane is far from the image origin
[0,0]". In other words, a parallel line set having a very
small angle 0, will apparently look different and their
vanishing point is near the image origin. Obviously,
the region near the equator of the accumulation hemi-
sphere corresponds to a large value of f),, and the pole
corresponds to a small value of 0, [see Fig. 3(c)]. For
example, in Fig. 3(a), the image lines corresponding to
the same parallel line set approximately look parallel
and their corresponding clustering positions (marked
by “0”) are all near the equator.

As to the wrong accumulating points (marked by
“+7), we find that most of them are near the pole
region. It is mainly because the intersecting point of
two image lines I,;, and ,;, coming from different sets
of parallel lines in 3D space is usually located within
a small circular region around the image origin [0, 0]
See Fig. 3(c) again, as we can see that a large part of
the wrongly accumulated positions in the pole region
is corresponding to the nodes of the cube on the image
plane. Notice the nodes of the cube connect a lot of
non-parallel lines in 3D space.

After discussing the above concepts, it seems trouble-
some to detect all the parallel line sets by using the old
clustering method. For example, it will be very hard to
detect the set of parallel lines having a very small 0,,.
In our method to be proposed, we try to detect first
the parallel line sets which look approximately parallel
on the image plane. Then we delete these identified
parallel lines from the universal index set W and test
the remaining set. Our method is divided into the
following steps:

Step 1. For every possible pair of the N image lines
in frame 0, calculate their unit vectors ng;, ;, [defined in
equation (5)] if the following two constraints are satis-
fied: (1) the length of the tmage line segments corre-
sponding to &,;, and &,;, must both be larger than a
given threshold (say 30 pixels). It is because the vector
¢ of a short line segment is sensitive to image position
errors. (2) A value p defined as | €y;, x €, | must be
larger than a given threshold (say sin 5°). A larger value
of p usually implies that the two image lines corre-
sponding to €,;, and &,;, have a larger difference in
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Fig. 3. An illustrating example for explaining the characteristics of the accumulation hemisphere.



Monocular image sequence

their positions or directions. The estimate of the vector
n'?), will be poor if the positions of the two image lines
are close together and almost parallel on the image
plane.

Step 2. For the pairs passing through step 1, we can
calculate an angle 6;,;, defined as

8, ,=cos 1 (|n{), -[0,0,1]7|), (7

JiJ2
where J; ;. is in an interval [0, n/2]. If the calculated
angle is higher than a given threshold 8, (say 30°),
add 1 to the corresponding position on the accumu-
lation hemisphere. The pair not satisfying this constraint
will be rejected. The final hemisphere will be similar to
Fig. 3(d) — a very large part of the wrongly accumu-
lating points near the pole are erased, and the perfor-
mance of the clustering is highly improved. We call it
the thresholded accumulation hemisphere.

Step 3. Erase the accumulating points which seem
isolated on the thresholded accumulation hemisphere.
This means that the points having no neighbors in
their vicinity (a given suitable range) are erased from
the hemisphere, as shown in Fig. 3(e). Therefore, the
remaining highly accumulated positions can be easily
identified and we will have a primary identification
[see Fig. 3(f)-(h)]. Note that only frame No. O is utilized
here.

Step 4. Because we have, in fact, N; image frames,
the results obtained by step 3 should be further tested
in other frames to ensure the correctness of the identifi-
cation. For the ith image frame, we may calculate the
unit vectors n'?; s whose indices j, and j, belong to a
detected parallel line set from step 3. If the detected set
is correct, all of the unit vectors n?;,s will be parallel.
If the detected set contains several wrong indices, the
clustering analysis of the set at another frame should
be performed and the wrong indices should be separated
from the correct ones.

Step 5. If the number of the detected parallel line
sets is larger than or equal to 2, the identification job is
temporarily terminated because we do not need too
many parallel line sets to estimate the motion and
structure parameters (explained later). If the number
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is less than 2, another frame can be chosen instead of
the Oth frame.
Now, our identification method is completed.

3.2. Rotation estimation from the sets of parallel lines

After the sets of parallel lines are identified (at least
two sets are needed), the motion parameters R; and T;
can be easily determined. First, we have

my = R; mg,. {8)

Therefore, a cost function J(q;) can be defined as

M
J(q)= Z |my, — R; my, |2, 9)

k=1
where the vector q; = [cos 0,/2, sin 8,/2(n; x, nyy, n;z) 17
isa4 x 1 unit vector which is the quaternion expression
of the rotation matrix R;. The unit vector n; = (n,y, 1y,
niz)" is the rotation axis of R and 6, is the rotation
angle. Sometimes, we may also represent the rotation

matrix by a 3D rotation vector defined as ®; = 6; n,.
Equation (9) can be rewritten in a new form

J(q) =2q7 Aq;, (10)
where
A= g <1_[ my, My, —(my, x my,)" :l)
e —(my x mgy,) (mymg, + W, W)
(1
0 —Myz My
Wyi=| my, 0 - mik.x:l;
—Mmyy My x 0
0 —Mg,z Mgy
Wo = [ My, z 0 - mOk,X:]' (12)
—Mg,y Mg x 0

Obviously, the quaternion vector q; that will mini-
mize the cost function J(g;) is just equal to the eigen-
vector corresponding to the smallest eigenvalue of the
matrix 4;. For a unique solution, the number M of the
sets of parallel lines must be greater than or equal to
2, and the first component of q; [that is cos(6;/2)] must
be positive. It is easy to determine the matrix R; from
q; by using the following relationship:

i+q5—93—4di 29,93 —2q,4, 24,94 + 24,43
R=| 29,45+29:19. 4i+45—4q3—4d: 29:9a—24:42 |, (13)
29344 — 29,95 29395+ 24,9, 43 +4i—4q3 —q}

where q =[4;, 95,93, 94]".

Because the rotation matrix can be solved by only
two sets of parallel lines (at least), it does not matter
whether we can identify all the M sets of parallel sets
or not. Take the case of M = 5 for an example. If only
the first two sets S, and S, are identified, the other
three sets can be easily identified by solving their

corresponding orientation vectors dy s (je(W — S, —
S,)}). dg;s are determined by finding the eigenvector
of the smallest eigenvalue of a matrix B; defined as
Ne—1
B;= Z (R; ! 8ij)(Ri_ 15-’;’)1 (14)
i=0

(R =1). Of no doubt, all of the lines having the same
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orientation vector must belong to the same set of
parallel lines. Then the rotation matrix R; can be
re-estimated by the total M sets of parallel lines, and
the final estimation will be more accurate.

3.3. Structure and translation estimation

To specify the position of a line Ly; in 3D space, its
orientation vector d,; and a point on this line must be
given. Without loss of generality, we may define a point
P,; on the line Ly, where FPg; =kg;hy;. The three
vectors {£,, dyj, hy;} form an orthonormal basis in 3D
space. Therefore, from equation (3), we have

[Rilkojho;) + T 1 8y=aiko;+ & T; =0, 15)

where a; = R; hy;-g;5,i=1to Ny—1,and j=11to N.

Because the size of the homogeneous linear system
in equation (15) is large when N is larger, the compu-
tation load of directly solving equation (15) may be too
heavy for us. So we make a slight modification to this
system for reducing the computation load: To the jth
line at N; different time instants, we have

where
a;=[ay;az5...,05-1.;1% 7
g, 0 - 0
To.T T
E=lg o o o |0 09
0T o7 Eno 1
and
T=[T{|T}| - IT§-.1" (19)

Because a; is a (N — 1) x 1 vector, there must exist
another N; — 2 unit vector b; (s =1 to N;—2) such
that they are a set of orthogonal basis in (N;—1)— D
space. So we have

(la;b] E;T=u,T=0
fors=1to N,—2; j=1to N, (20)
where the additional multiplying scale |a;| is a weight-

ing factor which controls the contribution of equation
(20). We may determine the vector T (to a scale factor)

by finding the eigenvector corresponding to the smallest

1. Loading the extracted feature lines of the given image
sequence (correspondence problem is solved).

2. From the method described in section III..1 (five steps),
we can obtain a primary identification of parallel lines in
3D space.

3. From the above identification, rotation parameters R ; s
can be estimated by using eq.(9) and eq.(13).

4. From the estimated rotation, we can approximately
determine the orientation vector dg; of every feature
lines on the 3D object.

5. From the determined orientation vectors dg; s, we
may detect the remaining parallel line sets (if lljaey
exist) which were not successfully detected by step 2.

6. If new sets of parallel lines are detected, rotation
parameters R ; s can be re-estimated for a more
accurate result. If no new set exists, go to step 7.

7. Estimate the translation vectors Ty , T; , ...,
and depth values ko; s by using eq.(Zb) and €q.(22).

Fig. 4. Summary of the whole algorithm.
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eigenvector of a matrix C defined as
N Nr-2

C=Y Y wul

ji=1 s=1

2

Equation (20) is a homogeneous linear system with
3(N¢ — 1) unknown variables and N(N; — 2) equations.
The vector T can be solved to a scale factor if Ny >3
and N > (3N; — 4)/(N¢ — 2). Then the value k,; can be
easily determined by using

al E;T

o
i a;

k0.= —

J

(22)

The whole algorithm is completed here. Figure 4
shows an overview of it.

4. DISCUSSION
4.1. How many lines and frames are needed?

Theoretically, from equation (8), at least two sets of
corresponding vectors {(mg,, my)|k=1,2,...,M.
M > 2} are needed to uniquely specify the rotation R,
between two time instants ¢, and t;. From the known
rotation, the orientation vectors d, ;s of the lines on the
3D object can be easily reconstructed. That is to say,
it is enough to solve the rotation and line orientations
of the object by using only two frames and two parallel
line sets. Besides, every parallel line set contains at least
three lines (otherwise, the method for identifying the
parallel lines would fail). Therefore, the smallest total
number N of lines on the 3D object is 6.

However, from equations (15) and (16), the trans-
lation T and the line depths kq;s cannot be solved by
using only two frames. It needs at least three frames
(N> 3) and usually more than five line features on the
object [in fact, N > (3N; — 4)/(N; — 2)].

From the above discussion, at least six image line
correspondences at three frames are needed to solve
the SFM problem completely. These six image line
correspondences must belong to two sets of parallel
lines in 3D space (three for each one).

4.2. Error sensitivity

In our algorithm, rotation matrices R;s must be first
solved. What factors will affect their estimations? From
equation (10), we know the rotation R; can be directly
calculated by its corresponding quaternion g;, the
eigenvector corresponding to the smallest eigenvalue
of the matrix A4;. Because matrix 4, is constructed by
the orientation vectors of parallel lines in 3D space
(that is {(mg,, m;)|k=1,2,...,M}), the relationship
between these orientation vectors directly influence
the error sensitivity of q;. For simplicity, if only two
sets of parallel lines (M = 2) are considered, we have
the following rules: (1) the estimation is least error-
sensitive when the opening angle between mg, and mg,
is 90°; (2) the smaller the opening angle between mg,
and my,, the more error-sensitive the estimation be-
comes; (3) the estimation fails when my; = my, (singular
case). The above rules will be proved in the experiments.
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While estimating the translation T defined in equa-
tion (19), there exists a situation which will let the
estimation fail. Take N =3 for an example. From
Section 3.3, we know at least three frames are needed
for solving the translation TT = [T]|T2] by using the
homogeneous linear system described in equation (20).
If T, = 0 (only rotation between ¢, and ¢), is there any
possibility that we can still obtain T, by using equation
(20)? The answer is NO! Because T, is equal to zero,
the constant a, ;s defined in equation (15) are all equal
to zero for j =1 to N. Although a,;s are not zero, the
translation T, is still unsolvable. So it is a data de-
generacy caused by no-translation. In fact, we may
consider the image frame captured at ¢, as a null frame
which has no contribution to the estimation of trans-
lation. This means that the effective number of the
given image sequence is only 2, not enough for the
estimation (at least three are needed). Therefore, we
think that translation vector T is solvable if the effective
number of frames N (= N; — N,y is greater than or
equal to 3. Experiments support the above thoughts.

5. EXPERIMENTS

In this section, two kinds of image data are tested—
computer-generated data and real-world image data.
Several things need to be proved in the following
experiments: (1) our algorithm is exactly accurate if no
observation errors exist; (2) our algorithm can handle
the real-world image data and obtain a satisfactory
estimation; (3) our algorithm is robust and not easily
affected by observation errors; (4) error-sensitivity
depends on the structure of feature lines on the object;
(5)data degeneracy happens when the effective number
N is less than 3.

Before introducing these experiments, we first specify
the method of adding simulated observation errors on
the image feature lines. In Section 3, we know an image
line [;; can be represented by a unit vector g;;. Assume
u;y, Viy and g;; form an orthonormal basis in 3D space.
The error-perturbed version of g;; is defined as

error-perturbed g;; = unit vector of
{e;+ou;+0,v;), (23)

where ¢, and o, are random variables of uniform
distribution [ —a, ]. In later experiments concerning
adding observation errors, the value of ¢ controls the
magnitude of these errors. If the opening angle of
the camera is 30° and the image plane’s resolution is
512 x 512, =0.001 will correspond to a maximum
position deviation of one pixel. Because ¢ is usually
small, the ¢ value can be represented by rad or degree.
For examples, 6 =0.001 is equivalent to ¢ =0.001 rad
or 0=0.0586".

5.1. Computer simulation

In this subsection, a computer-generated rigid object
is adopted. Here N =20 and N, =4. Its motion para-
meters R; and T, (for i = 1-3) are randomly assigned.
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Table 1. Error-free estimation (g = 0°) for the line structure shown in Fig. 5(a)

Parameters Real Estimate Error(%;)

Q, (0.3000, —0.2000, 0.1000)" {0.3000, —0.2000, 0.1000)" 0.3798 x 10~ 119,
Q, (0.6000, —0.5000, 0.2000)" (0.6000, —0.5000,0.2000)" 0.5470 x 107119,
Q. (0.8000, —0.7000, 0.3000)" (0.8000, —0.7000, 0.3000)" 0.5317x 107119
T, (3.6108,6.0587, —0.7151)7 (3.6108,6.0587, —0. 7151)’ 0.1798 x 107199,
T, (7.8149,11.6886,1.7767)7 (7.8149,11.6886,1.7767)7 0.5712x 107 1%
T, (9.1563,14.8344, 5.1969)" (9.1563,14.8344,5.1969)7 0.6704 x 107199,
mg; (0.2833,0.4721, —0.8348)" (0.2833,0.4721, —0.8348)" 0.0854 x 10™ Sdeg
m, (—0.0729,0.8785,0.4721)7 (—0.0729,0.8785,0.4721)7 0.1207 x 10~ Sdeg
mg, (0.9563, —0.0729,0.2833)7 (0.9563, —0.0729,0.2833)" 0.0854 x 10~ Sdeg

Table 2. Estimation of the line structure shown in Fig. 5(a) when observation errors exist (6 = 0.25°)

Parameters Real Estimate Error(%)
Q, (0.3000, —0.2000,0.1000)" (0.3084, —0.1957,0.0971)" 2.6441%,
Q, (0.6000, —0.5000,0.2000)" 0.6013, —0.5063,0.2004)" 0.8033%,
Q, (0.8000, —0.7000, 0.3000)" {0.8014, —0.7029,0.2997)7 0.2913%,
T, (3.6108,6.0587, —0.7151)7 (3.5943,6.1872, —0.7394)" 1.8601%,
T, (7.8149,11.6886,1.7767)" (7.8681,11.7453,1.5090)"  1.9666%,
T, (9.1563, 14.8344, 5.1969)" (9.1705,14.8814,47171)7  2.6510%,
mg, (0.2833,0.4721, —0. 8348)7 (0.2803,0.4663, —0.8391)" 0.4513deg
my, (—0.0729,0.8785,0.4721)7 (—0.0732,0.8782,0.4727)T  0.0400 deg
Mgy (0.9563, —0.0729,0.2833)" (0.9583, —0.0727,0.2764)" 0.4099 deg

The test object is shown in Fig. 5(a). Its accumulation
behavior is shown in Fig. 5(b)—(e) which are similarly
defined as in Fig. 3(b)—(e). The detected sets of parallel
lines are shown in Fig. 5(f)—(h). Table 1 lists the esti-
mation of motion and line orientations without adding
any observation errors. The estimation is very accurate,
which proves our algorithm. Table 2 lists the estimation,
purposely adding observation errors (¢ =0.25°). The
results shown in Table 2 are still quite satisfactory.
Notice that the estimation of translation vectors are
appropriately scaled, and the estimated rotation
matrices R;s are represented by their corresponding
rotation vectors o, for reducing the size of the tables.

5.2. Real-world image tests

In this subsection, a real-world image sequence (three
frames) is tested. They are shown in Fig. 6(a)—(c). This
image sequence is acquired by a moving camera which
passes through a corridor (a large rigid object). This
camera is translating to the Z direction and rotating
about the Z-axis.

Because the image line extraction and tracking algo-
rithm is not the main consideration in this paper, we
only briefly describe our process of line extraction in
the following steps: (1) the image is first smoothed to
reduce the effect of noise; (2) apply an edge operator
to this smoothed image and preserve the edges which
are stronger than a threshold; (3) the edge points sup-
porting a physical line segment are collected together
and the best-fitted line equation is then determined by
linear regression. Notice that the edges shorter than a

threshold will be discarded; (4) although there have been
a lot of successful automatic line-tracking methods
recently,-8:2:23 the image line features showing up in
every frame of the image sequence are manually selected
and corresponded for simplifying our processing. It is
because the final 3D motion estimation will not be
affected by method we use to determine the correct
correspondences; (5) from the results of camera calibra-
tion, the length unit of these line equations can be
changed from one image pixel to one focal length for
matching our mathematical derivations. The image
line equations with new length units are then stored in
computer as our input data. Figure 6(d) shows the final
extracted line features in frame No. 0.

After applying the input image data to our algorithm,
we first determine two sets of parallel lines [mg, =
(0,1,0)" and mg, = ( — 1,0,0)7, denoted by “0”] from
the thresholded accumulation hemisphere shown in
Fig. 6(e). We can find that a very large part of the
wrongly accumulated points (denoted by “+7) are
rejected by the threshold circle (8, = 30°). Although
only two sets of parallel lines are 1dent|ﬁed, our algo-
rithm still works and the third parallel line set [mg; =
(0,0,1)7] can be recovered later. The final estimation
results are listed in Table 3. The estimation errors for
orientation vectors mg,s are very small (about 1°).
Because the magnitudes of the rotation vectors ;s are
not large, it is quite natural that the percentage esti-
mation errors for @;s will become larger. For example,
®, corresponds to the rotating around the Z-axis by
8°, and m, by 18°. The percentage errors of 15.6%; and
7.7%, separately correspond to the errors of only 1.25°



<
.
<

Fig. 6. (a) Frame No. 0.

Fig. 6. (b) Frame No. 1.

Fig. 6. (c) Frame No. 2.
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Fig. 6. The test for the real-world image sequence described in Section 5.2.
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and 1.39°, respectively, which are in fact very small.
Note the estimation for translation vectors T, and T,
have been appropriately scaled.

Two kinds of errors may affect our results: (1) image
position errors; (2) camera calibration errors. The in-
fluences from the calibration errors should be especially
noticed. Besides, the provided ‘true answers’ listed on
Table 3 are not precisely accurate because they are
measured quantities. So, the estimation errors listed
on Table 3 are just calculated for an approximation.

S00-CHANG PEI and LIN-Gwo Liou

5.3. Error sensitivity and data degeneracy

In this subsection, we want to analyze the error
sensitivity of our algorithm. Two experiments are
executed.

The first experiment tests the error performance of
a variable structure shown in Fig. 7. This structure has
two sets of parallel lines which are lying on the same
plane. Each set has five lines of equal length 2. Their
intersecting angle and width are separately denoted by

Table 3. Estimation of the line structure shown in the real-world image sequence

Parameters Measure Estimate Error(%;)
Q, (0.0000, 0.0000, 0.1396)" (—0.0118,0.0181,0.1366)" 15.626%,
Q, {0.0000,0.0000,0.3140)T (—0.0138,0.0192,0.3089)" 7.7034%;
T, (0.0000, 0.0000, — 6.9204)7 (—0.3782, —0.4184, —6.9854)T 8.2035%,
T, (0.0000, 0.0000, — 13.8409)T (—0.7132, —0.5079, —13.7254)" 6.3807%,
my, (0.0000, 1.0000, 0.0000)" (0.0145,0.9996, —0.0241)7 1.612deg
my, (1.0000, 0.0000, 0.0000)7 (0.9997,0.0147, —0.0179)" 1.327 deg
mg, (0.0000, 0.0000, 1.0000)" (0.0033, —0.0062, 1.0000)" 0.402 deg

N

Y

’

’
7 rottion about
the X -axis

- ~

Fig. 7. The test structure used in the error analysis described in Section 5.3. Both of the two parallel line
sets are lying on the same plane in 3D space. The center of the structure is kept at (0, 0, Z,) during the motion.

Table 4. Motion estimation of the two cases which have different effective frame numbers

(Ner=3and Ny =2)

Case

Parameters

Real

Estimate

Case 1

Case 2

(0.0000, 0.0000, 0.3000)
(0.0000, 0.0000, 0.6000)
(0.3000, 0.2000, 0.8000)
{0.0000, 0.0000,0.0000)
(0.0000,0.0000, 3.0000)

(—5.7560,3.7592, 6.2187)

{0.0000, 0.0000, 0.3000)
{0.0000, 0.0000, 0.6000)
(0.3000, 0.2000, 0.8000)
(0.0000, 0.0000, 0.0000)
{0.0000, 0.0000,0.0000)

(—5.7560,3.7592,6.2187)

{0.0000, 0.0000, 0.3000)
(0.0000, 0.0000, 0.6000)
{0.3000, 0.2000, 0.8000)
(0.0000, 0.0000, 0.0000)
(0.0000, 0.0000, 3.0000)

(—5.7560,3.7592, 6.2187)

(0.0000, 0.0000, 0.3000)
(0.0000, 0.0000, 0.6000)
(0.3000, 0.2000, 0.8000)
(0.0000, 0.0000, 0.0000)
(0.0000, 0.0000, 0.0000)
(Not unique)




Average percentage errors %

Fig. 8. (a) Error performance analysis of the test object shown in Fig. 7. Here, the width D is fixed to };
however, the intersecting angle « varies from 10° to 90", It is obvious that the structure corresponding to 90°

Average percentage erors %

Fig. 8. (b} Error performance analysis of the test object shown in Fig. 7. Here, the intersecting angle « is fixed
16 90°; however, the width D varies from 0.5 to 1.4. It is obvious that the structure corresponding to D = 1.4
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has the best error performance.
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aand D. The center of the structure is fixed at (0, 0, 8)”.
At time t,, the normal vector of the plane is (0,0, 1);
at time t;, we rotate this plane structure around the
point (0,0, 8)T by a rotation vector (1,0,0)”. Only the
percentage errors of rotation estimation are considered
here.

Figure 8(a) shows the error performance of the cases
when D is fixed to 1.0 and « is changing from 10° to 90°.
It is easy to find that the error performance is best
when «=90°. Figure 8(b) shows the error performance
of the cases when « is fixed to 90° and D is changing
from 0.5 to 1.4. The case when D = 1.4 has the best
performance. Every point on the curves shown in Fig. 8
are calculated by averaging 100 iterations.

The second experiment shows that the translation
vector T can be solved if and only if the effective frame
number N is greater than or equal to 3. The test
object used here is the same as that used in Section 5.1.
However, we purposely assign some of the translation
T, to zero in order to change the effective frame number
N See Table 4. The translation T, is set to zero in
the case 1 (N =4—1=3); however, both the trans-
lations T, and T, are set to zero in the case 2 (N 4 =
4 —2=2). In both cases, their rotation parameters are
successfully recovered. But, only the estimation of
translation vectors in case 1 succeed. The matrix C
[defined in equation (21)] in case 1 has only one zero
eigenvalue, but the matrix C in case 2 has three zero
eigenvalues. That is why case 2 fails to determine the
translation uniquely. It proves the statement made in
Section 4.2.

6. CONCLUSION

Although some algorithms for solving the generalized
SFM problem by using line correspondences have been
developed, they suffer from the high error-sensitivity
and large number of required correspondence sets. In
real applications, these shortages usually puzzle us. In
this paper, the sets of parallel lines frequently en-
countered in an artificial environment are utilized for
simplifying the generalized SFM problem. After ident-
ifying at least two sets of parallel lines, we can solve
an initial guess of rotation parameters by utilizing the
expression of quaternion. From this initial solution,
the other unidentified sets of parallel lines can be
determined and the solution of rotation parameter can
be further modified. After that, the translation and
structure of the object can be obtained. In our algorithm,
the computational complexity is greatly reduced and
the reliability of the estimation is highly improved.
Simulation and real-world image experiments prove
these results. Therefore, our algorithm seems quite
valuable in real applications.

In future, we hope to develop some similar algo-
rithms using other kinds of special constrains encoun-
tered in the daily environment for preventing the
difficulty and high error-sensitivity when using a
generalized SFM algorithm.
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APPENDIX: PARALLEL LINES IN 3D SPACE AND
THEIR PROJECTIONS

In the daily experiences, the projected lines of parallel lines
in 3D space often look parallel on the image plane (within a
small range of angle deviation). Of course, in some special
cases, these projected image lines may look very different
from each other. In this Appendix, we will explain this pheno-
menon quantitatively. Furthermore, this phenomenon is uti-
lized for helping the job of identifying parallel line sets in 3D
space. A similar analysis about the viewing variation of pro-
jected line segments is proposed by reference (27).

Let’s consider a camera which has a small viewing field.
For convenience, the image plane is assumed to be a circular
area of radius a. The defined & vector of any parallel lines (in
3D space, orientation vector = d) which can be observed by
the camera must fall on an are AB (on a unit sphere). It is
shown in Fig. A.1. Notice the circular band region near the
plane Z =0 is confined by radius a. The width of the band is
2xtan"'arad.

The equation of a projected line / can be written as

(A1)

The projected line can also be equivalently represented by
a pair (r, ¢) shown in Fig. A.2. Therefore, a set of approximately
parallel-looking on the image plane must have very similar
values of angle ¢.

Because the unit vector of [€,€,]7 represents the ortho-
gonal direction ¢ of an image line, we define a new arc A'B’
on the great circle lying on the Z =0 plane. First, the point
A projects a point A” on the Z=0 plane along the Z-axis.

Exx+Eyy+8&,=0.

(orientation vectgf of the set
of parallel lines i 3D space)

1489

imge line's equation:
ExXx +€yy + €20

Fig. A.2. A line on the image plane can be represented by a

pair (r, ¢). Here the vector OP is orthogonal to this line.

Obviously, the ¢ values of a set of lines which look approx-

imately parallel on the image plane will be very close to each
other.

Then the unit vector of FA” is defined as FA’, similar to FB'.
The opening angle / A'FB’ is just the maximum possible
direction deviation of the projected image lines. Without loss
of generality, the orientation vector d can be defined as
[sin 8,0, cos #]7. So we have

2sin"!(Ja-cot8|) ifcotf<1/a

. (A2)
n ifcotf> 1/a,

L AFB = {
where 0 < 6 < n/2 and the domain of the inverse sine function
is defined in the range (- /2, n/2]. Obviously, the larger the
angle / A'FB’ is, more different the projected image lines
look like. Two factors play important roles on it—viewing
field @ and line orientation d (that is 8). Figure A.3 shows the
influence from these two factors. Smaller a and larger 6
always induces a smaller angle deviation. Figure A.4 shows
the image lines which are projected by a parallel line set with
different 6 values. Readers may check them with the results
shown in Fig. A.3.

This concept can be utilized for helping the task of identify-
ing the sets of parallel lines in 3D space. Because we use a
camera of small viewing field, it is highly possible that a set
of approximately parallel-looking lines on the image plane
may correspond to the actual set of parallel lines in 3D space.
So we can make an initial guess about the parallel lines. In
a man-made environment, this initial guess is usually good
enough. Of course, several post-tests are still needed for the
final identification. They are described in the main text.

circular band resulted
from the size of camera's
viewing field

(camera's focal
center)
F Z

Fig. A.1. Because of the limited viewing field, the possible positions of the unit vectors ¢ must fall on an
arc AB.
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the radius of viewing field @

Fig. A.3. The angle deviations of the image lines which are projected by a set of parallel lines in 3D space.
The angle 8 varies from 0 to 90°. We know the set of parallel lines corresponding to 90° has the smallest
angle deviations.
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Fig. A.4. The image lines projected by the set of parallel lines corresponding to different 0 (=0, 30, 60, 90°).
Readers may check it with the results shown in Fig. A.3.
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