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Abstract

We present a novel method to obtain a 3D Euclidean
reconstruction of both the background and moving objects
in a video sequence. We assume that, multiple objects are
moving rigidly on a ground plane observed by a moving
camera. The video sequence is first segmented into static
background and motion blobs by a homography-based mo-
tion segmentation method. Then classical “Structure from
Motion” (SfM) techniques are applied to obtain a Euclid-
ean reconstruction of the static background. The motion
blob corresponding to each moving object is treated as if
there were a static object observed by a hypothetical mov-
ing camera, called a “virtual camera”. This virtual camera
shares the same intrinsic parameters with the real camera
but moves differently due to object motion. The same SfM
techniques are applied to estimate the 3D shape of each
moving object and the pose of the virtual camera. We show
that the unknown scale of moving objects can be approxi-
mately determined by the ground plane, which is a key con-
tribution of this paper. Another key contribution is that we
prove that the 3D motion of moving objects can be solved
from the virtual camera motion with a linear constraint im-
posed on the object translation. In our approach, a planar-
translation constraint is formulated: “the 3 D instantaneous
translation of moving objects must be parallel to the ground
plane”. Results on real-world video sequences demonstrate
the effectiveness and robustness of our approach.

1 Introduction

We study the video sequences shot by a perspective cam-
era undergoing general motion. Objects are moving rigidly
on a ground plane. There might also exist some static struc-
ture out of the ground plane. A typical scenario is that of ve-
hicles moving on the ground observed by an airborne cam-
era, with buildings and other 3D structures present. Our
goal is to obtain a 3D Euclidean reconstruction of both the

static background and moving objects.

The problem of reconstructing a static rigid scene ob-
served by a moving camera, usually called “Structure from
Motion (SfM)” , has been thoroughly studied in the past
decades [10, 15, 5, 18, 8]. Recently, reconstruction of mul-
tiple moving objects observed by a moving camera has also
gained much attention [2, 6, 7, 22]. There are also ap-
proaches for aligning moving objects to the static back-
ground [17]. However, a pixel-level motion segmentation
step before 3D reconstruction was not integrated into the
previous systems. Furthermore, as far as we know, there
is no closed-form solution to 3D object motion estimation
in the case of moving perspective cameras and non-linear
trajectories.

We aim to build a practical system to integrate the mer-
its of previous approaches and address the problems. The
system performs the following tasks on video sequences:

e Motion segmentation: to segment images into motion
blobs and static background

e 3D reconstruction of static background: to estimate
camera poses and structure of the static background

e 3D reconstruction of moving objects: to infer shape and
motion of moving objects relative to the background

At the current stage, object shape refers to sparse 3D points.
All the structure and motion are obtained in the Euclidean
space, up to a global scale.

The ground plane, which exists naturally in real-world
sequences, plays an important role in our approach. It in-
duces 2D homographies between consecutive frames which
serve as the basis for motion segmentation. Camera self-
calibration is done by exploiting the coplanarity of points
on the plane. The plane also helps in approximating the un-
known scale of 3D object shape and uniquely solving for
the 3D object motion. This ground plane is found by man-
ually selecting at least four pairs of matched points in the
first two frames and automatically tracking them across the
frames. More feature points consistent with the homogra-
phy are added and tracked as well.
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Figure 1. The flowchart of our approach

The flowchart of our approach, as shown in Figure 1,
starts with homography-based motion segmentation [12].
Pixels inconsistent with the homographies induced by the
ground plane are defined as residual pixels. The residual
pixels include those belonging to static out-of-plane struc-
ture, termed “motion parallax”. After removing the parallax
pixels [9, 19, 12], we obtain a number of motion blobs as
well as static background in each frame.

Classical SfM techniques are then applied to obtain a
Euclidean reconstruction of the static background. A plane-
based self-calibration method [14] is applied to estimate
both intrinsic and extrinsic parameters of the camera. With
the calibrated cameras, the structure of static background is
computed by efficient triangulation methods [16, 18]. The
whole set of camera poses and scene structure are further
refined by a “Bundle Adjustment” process [21].

Inferring the 3D shape of moving objects is done in a
similar way. Indeed, the 2D motion blob is generated by a
moving object observed by a moving camera. Alternatively,
the blob can be treated as if a static object were observed by
a virtual camera. The virtual camera shares the same intrin-
sic parameters with the real camera but moves differently to
take into account object motion. The same SfM techniques
are applied to estimate the shape of the moving objects as
well as the poses of virtual camera.

The scale of 3D object shape is approximately deter-
mined by the ground plane. If one object point is known
to be on the ground, the object scale is uniquely solved as
a minimum scale. Otherwise, we assume that at least one
object point is close to the ground plane. In either case,
the object scale is estimated, which can be considered as
stretching the object until one point falls onto the ground
plane.

We propose a novel method to infer 3D object motion
from the poses of both real and virtual cameras. It is known
that the scale ambiguity in virtual camera motion brings dif-
ficulty to object motion estimation [17]. However, we prove
that if an additional linear constraint on object translation is
introduced, the object motion can be solved uniquely and
linearly. In our approach, this constraint is formulated as a
planar-translation constraint: the 3D instantaneous transla-
tion of moving objects must be parallel to the ground plane.

This constraint is more flexible than the assumption of lin-
ear trajectories proposed in previous methods [2, 7].

The rest of the paper is organized as follows. In Section
2, we relate our work to the previous methods. Section 3
presents the methods for segmenting moving objects from
the static background. Section 4 and Section 5 present sim-
ilar techniques for reconstructing the static background and
moving objects. The problem of object motion estimation
is addressed in Section 6. Experimental results are given in
Section 7. We conclude the paper and discuss the directions
for future work in Section 8.

2 Related work

Classical “SfM” techniques can be divided into two cat-
egories: batch(global) or recursive (causal) approaches.
The batch process assumes that all the images and feature
correspondences are known. Multi-view geometric con-
straints are estimated from feature correspondences, using
the epipolar constraint [18] and trifocal tensor [15]. Then
the scene structure and camera poses are estimated in pro-
jective and Euclidean space by various methods, as sum-
marized in [8]. On the other hand, recursive approaches
[10, 5, 4] assume that image measurements are available
only up to the current frame. The camera motion and sta-
tic structure are recursively estimated by non-linear filters.
Our method is essentially a batch process since it performs
a global optimization. However, our method can be used as
the initialization step of a recursive process.

SfM of moving objects has been given much attention
recently. A seminal work was proposed in [2] as “trajectory
triangulation”. It is shown that if a point moving on a 3D
line is viewed in at least five images, the 3D line can be esti-
mated without ambiguity. The linear trajectory is extended
to conics [2] and more general curves [11]. Similarly, [7]
assumes that object points are moving linearly in constant
speeds and observed by a weak-perspective camera. Struc-
ture and motion are obtained by factorizing the measure-
ment matrix based on rank constraints. In contrast, we as-
sume a more general case: the object moves on a general
planar trajectory being observed by a perspective camera.

[6] proposes a method to use multiple independently
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moving objects for camera self-calibration. Since the mov-
ing objects share the same camera, the fundamental matri-
ces estimated from each object provides more constraints to
the camera parameters. Similarly, a multi-body fundamen-
tal matrix [22] encodes the epipolar constraints from each
object and can be efficiently decomposed to obtain multiple
object motions. However, it is not clear how the object mo-
tion can be related to camera motion. Instead, our method
explicitly estimates camera poses and then relate the mov-
ing objects to the cameras.

Several constraints were proposed in [17] to resolve the
ambiguity in object motion observed by moving cameras.
The relative scale is solved by evaluating statistical inde-
pendence and rank constraint from a planar object trajectory
measurements across a large number of frames. In contrast,
our method works on a small number of frames and pro-
vides a closed-form solution to object motion.

3 Motion Segmentation

To identify the moving blobs in the video frames, we ap-
ply a method similar to the one described in [12]. However,
since there exists a constant ground plane in the scene, ho-
mographies are used as 2D motion models instead of the
affine transform. The ground plane is found by manually
selecting at least 4 pairs of matched points in the first two
frames and automatically tracking them in the following
frames [3]. A homography H!*! between frame ¢ and ¢ + 1
is robustly estimated by fitting to at least 4 pairs of feature
points within a RANSAC-based scheme [20]. More feature
points consistent with the homography are included in the
estimation and tracked across the frames as well.

Any pixels inconsistent with the inter-frame homogra-
phies are defined as residual pixels. If there exists static
structure which is away from the ground plane, the corre-
sponding pixels are erroneously identified as residual pixels
as well, termed as “motion parallax”. A number of geomet-
ric constraints can be applied to remove these parallax pix-
els [9, 19, 12]. For example, pixel correspondences consis-
tent with the 2-view epipolar constraint and 3-view “struc-
ture consistency constraint” are classified as belong to the
static background [12]. Then each frame in the video is
segmented into a number of motion blobs and static back-
ground.

Moreover, video frames with large inter-frame camera
motion are preferred for a reliable reconstruction. There-
fore, a number of distinct frames (typically 5-10), called
“key frames”, are selected from the whole sequence [18].
Hereafter, the reconstruction processes only deal with these
key frames.

4 Reconstruction of the Static Background

The reconstruction of the static background is based on
the feature correspondences located in the background area.
The camera self-calibration step uses the ground plane to
estimate the camera intrinsic and extrinsic parameters [14].
With the calibrated cameras, 3D point positions are ob-
tained by triangulation. The structure and motion are finally
refined by Bundle Adjustment.

4.1 Preliminaries

Let us introduce some preliminary notations and de-
finitions. The camera intrinsic parameters are assumed
to be constant across the frames and simplified as K =
diag(f, f, 1), where the focal length f is the only un-
known parameter. The extrinsic parameters for frame k
(k =1, 2, ...) are the rotation matrix R and the camera
center Cy, relative to a world coordinate. Then the transla-
tion vector between the world and camera coordinate sys-
temsis T, = —R.Cy.

Let X(z,y,2)T denote 3D points and x(u,v)?T 2D
points. Here, we do not differentiate between Euclidean and
homogeneous coordinates of the same point. The projection
from 3D points to 2D points is decomposed into two steps.
First the 3D points are transformed from world into camera
coordinate system,

X =R X" + Ty (1)

where the superscripts ¢ (w) refers to camera(world) coor-
dinate system. Then the 2D points are obtained by perspec-
tive projection,

x ~ KX° 2)

where ~ means equivalence up to a scale factor. The camera
projection matrix for frame k is then obtained by combining
intrinsic and extrinsic parameters as P, = K [Rr Ty ].

If the world coordinates of a certain point are scaled to
be sX" and accordingly the camera translation is scaled to
be sT}, the perspective projection of this point remains the
same despite the unknown non-zero scale s. This so called
“scale ambiguity” is presented as follows,

x ~ K (sRipX" 4 sTj) = sKX¢ ~ KX¢ 3)

Suppose the camera rotation and translation for frame 1
and 2 are respectively (R, T;) and (Rg, T2). After sim-
ple derivation, the relative rotation §R and translation 6T
between the two frames are obtained as follows,

SR=RyR{, §T =T, — (R:R{) Ty 4)

Inversely, given (R4, T1) and (0R, 6T), the pose for frame
2 is solved as

R, = Ri0R, Ty = 6RT; + 6T (5)
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4.2 Recovery of Structure and Motion

We apply a plane-based self-calibration method [14] to
obtain camera calibration information. The method requires
inter-frame homographies corresponding to a plane as in-
put, which are already estimated in the motion segmentation
step. By exploiting the consistent set of collineations be-
tween images, the method iteratively estimates camera in-
trinsic and extrinsic parameters as well as the normal vector
of the ground plane.

For simplicity, we convert the camera projection matri-
ces into their canonical forms [8] such that the camera pose
in frame 1 becomes R; = I'and C; = 0. The 3D positions
of static points are estimated in a process similar to that in
[18]. Starting from frame 1 and 2, static point positions are
estimated by an efficient triangulation method [16]. Then
with each new frame added, the positions of existing points
are refined and new points are added into the 3D point set.

Let N(n1,n2,n3)7 denote the normal vector of the
ground plane and d the distance of the world origin from the
plane. Any point in the plane satisfies N7 X = d. There-
fore, the 3D position of any in-plane point is uniquely deter-
mined by its 2D projection and the plane position. Further-
more, since all the object points and camera centers are on
the same side of the ground plane, the following inequality
holds!,

NTX <d (6)

Indeed, this inequality can be used to verify the visibility of
3D points. If N7 X > d, the point X is below the ground
plane and therefore invisible.

Finally, both the cameras and points are refined by a
“Bundle Adjustment” process [21]. The parameters to be
refined include the focal length f (1 unknown), camera ro-
tation Ry (3 unknowns), camera center Cj, (3 unknowns),
point coordinates X’ (3 unknowns for off-plane points; 0
for in-plane points) and plane parameters (N, d). The pa-
rameters are estimated by non-linear Newton methods to
minimize the total reprojection errors as follows,

€static = Y Y Ixin —KRy [T —Ci] XP| (D)
B k

The scene structure and camera motion are recovered up
to a global scale ambiguity as shown in (3). For the in-
plane points, this ambiguity is easily solved as the points are
intersections of optical rays with the ground plane. For the
off-plane points, we need additional physical information to
fit the point to the real world.

S Shape Inference of Moving Objects

Now that the Euclidean reconstruction of static back-
ground is obtained, we turn to inferring the 3D shape (in

IIf NTX > d, then letd «— —d and N «— —N.

this section) and motion (in next section) of moving objects.
Since each moving object is treated independently with the
same method, we will focus on only one object for simplic-

1ty.
5.1 Estimating 3D object shape

Since the motion region is the image of an moving ob-
ject observed by a moving camera, it is impossible to apply
the standard SfM methods to obtain the object shape. How-
ever, this problem can be converted to another configuration
where the object is static while being observed by a hypo-
thetical moving camera, called the “virtual” camera. The
camera which shots the actual sequence is then called the
“real camera”. The motion of virtual camera is a combi-
nation of motions of both the real camera and the moving
object. Indeed, the virtual camera shares the same intrin-
sic parameters with the real camera, but undergoes different
motion. Standard SfM methods are then applied to obtain
the object shape and virtual camera motion.

Let X?}l denote the world coordinate of the j-th 3D
point on the surface of a moving object in frame 1, where
superscript b indicates that the point belongs to the moving
object. Let (R}, T7) denote the pose of the virtual camera
at frame k, where the superscript v means virtual. The 2D
object points x;, are generated as follows,

xjr ~ K (RpXS | + T}) (8)

We assume that there exist at least five pairs of matched
feature points from each moving object in consecutive
frames. The feature points are extracted by the SIFT algo-
rithm from the detected motion blobs and matched across
the frames [13]. In the calibrated case, the relative pose be-
tween frame k — 1 and k is encoded in the essential matrix
E;. as follows,

E, =0T} x 0R} )
where R, and T} denote the relative translation and ro-
tation of the virtual camera from frame £ — 1 to k. The
essential matrix is efficiently estimated by a five-point algo-
rithm [16]. Then the rotation matrix )R} can be uniquely
recovered from E, and yet translation 6T}, can be only re-
covered up to a scale factor, which is usually normalized
such that [[6T}[|=1.

Based on the relative pose (R}, 0T}) (k = 2,..., K)
and the assumption that R} = I and T} = 0, the 3D poses
of virtual camera (R}, T}) are recovered by (5). The same
technique for reconstructing the static scene in Section 4
is applied to obtain a Euclidean reconstruction. The object
points and poses of the virtual camera are finally refined by
the “Bundle Adjustment” to minimize the following repro-
jection errors:

E€virtual = Z Z ||Xjk -K [R}é T}é] X?,l” (10)
k

J
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5.2 Estimating the unknown scale

Similar to the case of static background, the set of object
points X?’l are obtained up to a unknown scale factor s.
However, we show that s can be approximately determined
by the ground plane.

Since any object point is on or above the ground plane,
the linear inequalities in (6) still hold despite the varying
scale s:

N(sX?)) <d (11)

For simplicity, we assume d > 0 and s > 0, while other
conditions are addressed similarly.

Let sy be the maximal solution to (11). One can see
that sy corresponds to the case where one object point falls
on the ground plane. If this is not true, we assume that
there is at least one object point close to the ground plane.
In either case, s &~ sg provides a good estimate of object
scale. An intuitive explanation is that the 3D object shape
is stretched by sg such that one object point falls onto the
ground plane, which happens quite often in reality. Then
the object points and translations of virtual cameras are re-
scaled as: X5 | — 50X}, T} «— s0T}.

However, when the object points are not close to the
ground, s & s is not valid anymore. Still, we can estimate
the scale if some a priori of the object shape is known. For
instance, if the object points are known to be on a sphere,
the ground plane becomes a tangent plane of the sphere. In
other words, the distance of the sphere center C from the
ground plane is exactly the radius 7. Indeed, if the object
points are scaled by s, the center and radius of the sphere
are also scaled by s. Therefore, an exact solution to s can
be obtained as follows,

N7 (sC) —d = s7|N|| = s = d/(NTC — 7|N||) (12)

where C and 7 are estimated by non-linear fitting to the
object points. Moreover, a dense shape of the sphere can be
obtained, even for the invisible part.

6 3D Object Motion Estimation

Starting from the shape of the moving object recovered
in Section 5, we want to estimate the 3D object motion in
the world coordinate system.

6.1 Derivation of virtual camera motion

Let us first derive the virtual camera motion based on the
object motion and real camera motion. The j-th object point
X; i in frame k is transformed from its original position
X" | in frame 1 by rigid object motion as follows,

Xl =R}XS, + T} (13)

where R} and TY are respectively the 3D rotation and
translation of the whole object. Obviously, R} = I and
T} = 0. Indeed, the translation vector T% is a 3D dis-
placement of the unknown object centroid between different
frames in the world coordinate system.

Combining (1) and (13), we have the 3D coordinates of
object points relative to the k-th camera with the pose (R,
TY) as

X5, = (RERY) X4, + (RET, +T)  (14)

Note that static objects could be considered as a special case
with R? = I and T% = 0 which simplifies (14) to be (1).

Then, the pose of the virtual camera (R}, T?}) is related
to the pose of the real camera (R, T¢) as follows,

{ = R{R} T} = R{T} + T} (15)

In frame 1, we have R{ = R{ = I'and T} = T{ =
0. In the following frames, the virtual camera has different
relative pose than the real camera due to object motion.

Ideally, given the pose of real camera (Rf,, T¥,) and vir-
tual camera (R}, T} ), we should be able to solve the object
pose (RY,T%) relative to its original position in frame 1
from (15). This is true for the object rotation Rz which is
solved without any ambiguity,

R} = (R}) 'R} (16)

However, solving the object translation T? is not
straightforward. The main reason is that the translation of
virtual camera T} is not uniquely determined, during the
relative pose estimation. As pointed out in [17], there ex-
ists a family of translation parameters with different scales
which produce the same image projection. Let us further in-
vestigate this ambiguity by revisiting the relative pose prob-
lem.

Let us assume that the poses of real camera in frame k —
1 and k to be (R{_,,T¢_;) and (R, Tf), the pose of
moving objectin frame k—1 (R}_,, T%_,) and the relative
pose of virtual camera (0R}, 6'T}) between frame k—1 and
k. Combining (15) and (4), we have

0T} ~ R{T} + Tf, — 6R; (Rf 1Ty, + T ;) (I7)
which is re-written as
R{T) + Qi ~ 0T} (18)
where Q;, = T{, — 0R]] (Rgfszf1 + Tiq)-
Generally speaking, the three unknowns in the transla-
tion vector Tz cannot be uniquely solved from (18), be-

cause three equations up to an arbitrary scale factor generate
only two linear equations.
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6.2 What kind of object translation can
be solved?

One may ask a question naturally: in what cases, the ob-
ject translation could be linearly and uniquely solved? Be-
fore answering this question, let us prove a lemma.

Lemma 1. There exists a linear and unique solution to
(1,22, x3) in a set of 4 linear equations with one arbitrary
non-zero scale s as follows,

a11 a2 ais T b1 C1
a1 G2 23 bo 2
To | + =5 (19)
asy azz G33 b3 c3
€3
(41 Q42 G43 by 0
Proof. Let a; = (ai1,ai2,a;3)7 (i = 1,...,4) and x =

(w1, 22,23)". Any pair of ¢; and ¢; (c;c; # 0,i # j) con-
tribute a linear equation as follows,

c;j (aiTx + bi) — ¢ (aij + bj) =0 (20)

Otherwise, suppose ¢;=0, a linear equation is generated
without ¢;,
alx+b;=0 (21)

Let ng denote the number of zero values in (¢, c2, ¢3).

If np=0, we have at least two equations in the form of (20);

If ng=1, one in (20) and one in (21); if ng=2, two in (21);

if ng=3, three in (21). Furthermore, there is an additional
linear equation,

alx+0b,=0 (22)

Therefore, in any case, there always exist at least three lin-
ear equations. x is then uniquely solved by LU or SVD
decomposition. O

Then the question is answered in the following theorem,

Theorem 1. The sufficient condition for finding a linear
and unique solution to object translation Tz is that an ad-
ditional linear constraint exists as follows,

al'T? + b, =0 (23)

where ay, is a 3 X 1 vector and by, is a scalar.

Proof. The three equations up to a scale factor in (18) and
the additional constraint in (23) consist of a set of four equa-
tions with three unknowns in T% and one arbitrary scale fac-
tor. According to Lemma 1, there exists an unique solution
to TZ,. Therefore, (18) and (23) are sufficient for finding a
linear and unique solution to T?%. O

Theorem 1 requires only one additional linear constraint
on object translation, which is more general than those in
previous work. For example, the linear trajectory constraint
[2, 7] is represented by T% — T271 ~ Ty where T is

the direction vector of the line. This constraint introduces
two additional linear equations. Moreover, Theorem 1 does
not require a; and by to be constant in different frames.
Therefore, a; and by, can be derived from all the information
in previous frames, such as camera poses, object motion and
shape.

In some video sequences, moving objects may appear
static in the image when they are tracked by the camera at
the same direction and speed. This is a degenerate case for
object relative pose estimation in Section 5 since 6T} =
0. Surprisingly, although it is impossible to obtain the 3D
object shape, object motion can still be solved uniquely.

6.3 The planar-translation constraint

In our approach, the ground plane is used to impose
the addition linear constraint onto object translation. It is
called the planar-translation constraint: the 3D instanta-
neous translation of the moving object must be parallel to
the ground plane. The constraint is consistent with our real-
life experience that humans can easily tell the depth and
motion of an object with the aid of the ground plane.

The planar-translation constraint implies that the dis-
tance of 3D object centroid from the ground plane is con-
stant. It also implies that the translation vector is perpendic-
ular to the normal vector of the ground plane:

N7 (T} —T)_,) =0 (24)

where N is the plane normal vector and Tz—p TZ, are the
object translation in frame k£ — 1 and k. We have a, = N
and by, = —NTT271 in the form of Theorem 1. According
to Theorem 1, T% can be solved without ambiguity.

Finally, object shape X;l and motion (RZ,, TZ,) are fur-
ther refined by Bundle Adjustment to minimize the repro-
jection errors as follows,

€moving = Z Z ||Xjk - Pi (RzX?,l + Tz) H (25)
k

J

where P is the real camera projection matrix in frame .

7 Experimental Results

Our method was tested over a number of real-world
video sequences. We show two examples shot by handheld
cameras. Both videos were taken in office environments,
with camera tilt angles from 45 to 60 degrees. Cardboard
boxes were placed on the floor as off-plane structure. Both
qualitative and quantitative results are presented to demon-
strate the effectiveness and robustness of our method.

The first video contains a toy-car moving along a wind-
ing curve on the floor, as shown in Fig. 2(a). The segmented
motion blob is labeled red within a black bounding box in
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Fig. 2(b). The reconstructed shape of the toy-car and the
background are visualized with simple texture mapping in
Fig. 2(c) and (d), where the 3D mesh faces are manually
selected from the reconstructed points. As one can observe,
the 3D shape of the toy-car is visually satisfactory. Yet the
cardboard box is reconstructed as a parallelepiped instead
of cuboid. One reason to this is that the camera is viewing
it at such a high tilt angle that the perspective projection can
be well approximated by an affine one.

(a) original frame 70

(c) reconstructed car shape

(d) reconstructed background
Figure 2. Results for the toy-car sequence

The estimated motion of the toy-car in the key frames
is shown as a group of 3D point trajectories in Fig. 3. A
mosaic image is generated from the consecutive frames to
provide a expanded view of the ground plane. The scale
of the toy-car is approximated determined as described in
Section 5.2 by assuming that at least one point is close to
the ground. The object points run along different trajecto-
ries while the 3D centroid undergoes the planar-translation
motion. As one can observe from the two views, the car
is rotating and translating in a planar curve parallel to the
ground plane, which truly happens in the real world.

(a) top view

(b) side view
Figure 3. 3D Trajectory of the toy-car

In the second video, a volleyball is rolling on the floor, as

shown in Fig. 4(a). Note that due to the color similarity with
the floor, the white regions on the ball are not segmented, as
shown in Fig. 4(b). However, this does not affect finding
good feature correspondences from the patterns on the ball
surface. As stated in Section 5.2, knowing that the ball is
a sphere, its parameters (center and radius) and scale can
be uniquely estimated. Then any point on the sphere, even
the invisible ones, can be reconstructed. In Fig. 4(c), one
can observe that the centers of virtual cameras are far away
from those of the real cameras. This is because the distance
between camera centers and the ball center is much larger
than the ball radius such that a small rotation of the ball
points generates a large displacement for the virtual cam-
era. Although the points on the ball follow a complex 3D
trajectory, the 3D trajectory of the sphere center lies in a
plane parallel to the ground plane, as shown in Fig. 4(d).

(a) original frame 45

4324—»—-»;”&_

Real Cameras
Virtual Cameras

: . __Moving Object

(c) real & virtual camera poses

(d) 3D trajectory

Figure 4. Results for the ball sequence

Below are some quantitative aspects of the experimental
results. Six key frames are extracted for the reconstruction
of both video sequences. For both sequences, there are more
than 100 feature points tracked across all the key frames and
yet only around 60 of them with accurate correspondences
are used in the final reconstruction.

The reconstruction results are evaluated by measuring
the average 2D reprojection errors of 3D points. Indeed,
there are three reprojection errors defined in our paper: one
generated by real cameras and static background in (7), one
by virtual cameras and moving objects in (10) and one by
real cameras and moving objects in (25). The reprojection
errors are minimized by a commercial Bundle Adjustment
package PhotoModeler [1]. The average errors (in pixels)
for both sequences as well as the numbers of reconstructed
points are shown in Table 1.

As one can observe, the errors for reconstructing the
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static background are larger than those of moving objects.
This might be caused by the fact that the feature correspon-
dences from a cluttered background are less reliable than
those from a single compact object. Nevertheless, repro-
jection errors around one pixel are achieved in both cases.
As shown in the third row, the motion estimation error for
the toy-car sequence is not even noticeable. In contrast, the
error of the ball motion is large, probably due to the large
translation of virtual cameras, so is numerically less stable.

| Errors (Number of Points) | Toy-car | Ball |
Real Cam.+Background 0.794 (23) | 1.037 (36)
Virtual Cam.+Moving Obj. | 0.781 (29) | 0.651 (28)
Real Cam.+Moving Obj. | 0.781 (29) | 2.232 (28)

Table 1. Avg. reprojection errors (in pixels)

8 Conclusion and Future Work

We have presented an approach for building a Euclidean
3D reconstruction of both the static background and objects
moving on ground plane. The ground plane is manually ini-
tialized in the first two frames and tracked across the frames.
One of our contributions is a practical system which per-
forms the following tasks: 2 motion segmentation, 3D re-
construction of the static background and 3D reconstruction
of moving objects. Another contribution is approximating
the unknown scale of moving objects by assuming at least
one object point is on the ground plane. One more contri-
bution is investigating the problem of finding sufficient con-
straints for uniquely estimating 3D object motion in pres-
ence of camera motion, formulated as a planar-translation
constraint in our method. Encouraging experimental results
are presented to prove the effectiveness and robustness of
our approach.

There are several possible directions for the future re-
search. 2D lines and surface patches can be added into the
feature set to facilitate the reconstruction. We will test our
method against more sequences and discover if there ex-
ists any degenerate configuration in which the object mo-
tion cannot be uniquely solved. Also, our method can be
extended to the dense 3D reconstruction of video scenes.
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