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Camera Calibration from Video of
a Walking Human
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Abstract—A self-calibration method to estimate a camera’s intrinsic and extrinsic
parameters from vertical line segments of the same height is presented. An
algorithm to obtain the needed line segments by detecting the head and feet
positions of a walking human in his leg-crossing phases is described.
Experimental results show that the method is accurate and robust with respect to
various viewing angles and subjects.

Index Terms—Camera calibration, self-calibration, vanishing point, vanishing line,
human tracking.
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1 INTRODUCTION

1.1 Motivation

ACCURATE camera calibration is essential in many computer vision
tasks such as stereo, metrology, and reconstruction. There are also
many tasks that can benefit from the knowledge of camera
parameters but have less requirements for accuracy; for example,
camera models have been used in tracking systems to accom-
modate change in object scale and infer the depth order of multiple
objects in occlusion [15]. Camera models are also necessary in a
class of methods called “analysis by synthesis” where 3D objects
are projected onto 2D to match with the image observations [8],
[16]. It may be impractical to use conventional calibration
techniques due to lack of calibration objects or static structure in
the scene. This motivates us to develop a more flexible method
which exploits object motion for calibration.

1.2 Related Work and Our Approach

Camera parameters can be computed by classical methods if
measurements of enough 3D points and their image correspon-
dences are available, as in [6]. This usually requires a time-
consuming site survey. Zhang proposed flexible techniques for
calibration, which require the camera to observe a 2D planar pattern
[13], or a 1D object consisting of multiple collinear points [14] shown
at a few different orientations. These techniques still require
calibration objects.

Calibration objects are not always available, which has inspired
self-calibration methods. Vanishing points of parallel lines in
3D have proven useful for this task. Caprile and Torre [2] described
a method to use vanishing points to recover intrinsic parameters
from a single camera and extrinsic parameters from a pair of cameras.
Liebowitz et al. [9] have developed a method to estimate intrinsic
parameters by Cholesky decomposition and applied it to a scene
reconstruction problem; they do not explicitly compute the extrinsic
parameters. Cipolla et al. [3] presented a method to compute both
intrinsic and extrinsic parameters from three vanishing points and
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two reference points from two views. Deutscher et al. [5] used
vanishing points ina Manhattan world to calibrate cameras for visual
tracking. All these methods use the vanishing points computed from
static scene structures such as buildings.

In the absence of scene structures, these vanishing point-based
calibration methods are not applicable. We present an automatic
approach to compute the vertical vanishing point and the horizon
line from the motion of a walking human and use this information
to compute the camera parameters. Some recent methods have also
exploited tracked object motion to avoid the need for such scene
structures: Bose and Grimson [1] achieved affine and metric
rectification of the ground plane by tracking moving objects, Stau
et al. [11] normalized measurable properties such as size, length
and height of tracked objects that lie primarily on a ground plane
in far-field tracking scenarios. However, these methods are for
rectification and /or weak calibration while our method attempts to
estimate all intrinsic/extrinsic parameters.

We first apply a robust method to compute the vertical
vanishing point and the horizon line given noisy measurements
of the images of vertical poles of the same height (Section 2.1). We
approximate human bodies as vertical poles and automatically
extract the heads and feet at leg-crossing phases from a video
sequence (Section 2.2). We use two auxiliary lines to obtain the
other two vanishing points. We then directly estimate all camera
parameters based on the above information plus the height of the
human. Finally, we apply an optimization approach to refine the
computed parameters (Section 3).

We show experimental results and error analysis for different
viewing angles (Section 4). The results are not as accurate as those
obtained by using calibration objects, which is not surprising given
the nature of the input; however, the results are consistent and
robust with regard to different viewing angles and subjects and their
accuracy is comparable to those computed from real vertical poles.
Moreover, in absence of camera object and scene structure, this
approach might be the only way to do calibration under the given
conditions and its utility has been verified by our previous works
in tracking and human motion analysis [15], [16].

Although the main contribution of this paper is to estimate
camera parameters from a walking human, the techniques in Section
2.1 and Section 3 are general and apply to any other object which can
provide multiple observations of a vertical pole or multiple vertical
poles of the same height. Examples include vertical structure on a
moving vehicle or a scene with a few instances of the same object
(e.g., lamp poles, columns, and furniture).

2 COMPUTATION OF THE VERTICAL VANISHING POINT
AND THE HORIZON LINE

In this section, we first provide a solution to a more general
problem of computing the vertical vanishing point 13- and the
horizon line V7, from the images of multiple vertical poles of the
same height (Section 2.1.). We then provide an automatic approach
to extract human head and feet pair as such poles (Section 2.2).

2.1 Compute 4 and V; from the Images of Vertical Poles

If we can observe N vertical poles of the same height in 3D, V3 can be
fixed just by finding the intersection of two (or more) such poles. For
any two poles, the lines connecting the top and bottom of the poles
intersect at a point on V7. Therefore, three (or more) noncoplanar
poles fix Vi, as illustrated in Fig. 1. Denote the poles as
{(hy,£5)},_, _y, where h; and f; are the image positions of the
ith head and feet, and {(Zn,,2y)}i=y, v are the associated
covariance matrices. Because of possible noise and outliers in the
measured head and feet locations, a robust method is required to
compute V3 and V.
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Fig. 1. Three noncoplanar poles can fix V3 and V.

We use the method described in [9] to compute V3-: Denote m,;
as the midpoint of h; and f;; Vy is the point v that minimizes the
sum of distances from h; and f; to the line linking m; and v:

N j."hv — b
W = argvminz <( [wi hi 11|/2 +

T
i=1 W, Zh,, Wz‘)

|w! fi — bi

(W%, Wz‘)m) 7 .

where (w;, b;) is the line determined by m; and v.

Two head-feet pairs can potentially contribute a point on V.
Assume the ith point x; = [;, yi]T (¢=1,..., M) is contributed by
two head-feet pairs (hj,f;) and (hy,f;) by the intersection of line
h;h; and line f;f;. The covariance matrix %; of x; is computed by
the Jacobian as

2 =J - diag(Zy,, B, By, By,) - 75 where
_ % @)
a[hJTv hk?Tv ija fkT]T

Vi (with equation wy, Tx = by,, where wy, is a unit vector) is
determined as

M

(wy,,by,) =argmin y —————.
T ; (WEw)'/?

[wlx; — b

3)

As many lines are nearly parallel and thus their intersection is ill-
posed, we adopt RANSAC [7] to robustly estimate both V3 and V;,
from a set of data contaminated by a large portion of outliers.
Incorporation of the covariance matrices here is critical because the
points have very different uncertainties. In practice, points with
diagonal elements in a covariance matrix larger than half of the
image dimension are useless and are discarded before executing the
above estimation.

2.2 Extract Head and Feet Positions from Video
Sequence of a Walking Human

Humans are roughly vertical while they stand or walk. In absence of

other useful scene structures, they can be used as vertical poles.

However, because human walking is an articulated motion, the

shape and height of the human vary in different walking phases. The
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phase at which the two feet cross each other (leg-crossing) is of
particular interest in that the feet position is relatively easy to locate
and the shape is relatively insensitive to viewpoint. Thus, we aim to
extract the head and feet locations at leg-crossing phases. We first
detect a walking human from a video sequence by change detection.
Then, we extract the leg-crossing phases by temporal analysis of the
object shape. Finally, we compute the principal axes of the human’s
body and locate the human’s head and feet positions at those phases.

Moving foreground pixels can be extracted fairly accurately using
a statistical background model (e.g., [12]). When the moving objects
are sparse in the scene and there is no strong shadow, the foreground
blobs (i.e., connected components of foreground pixels) correspond
well to the moving objects. The moving blobs can be tracked with a
blob tracker by spatial proximity and size similarity [15].

Let (e14,€2;), (1, v2,) be the first and second eigenvectors and
eigenvalues of the covariance matrix of a tracked object at frame ¢,
respectively. (See Figs. 2a and 2b for two examples.) We define a
quantity ¢, = vy, /v1,; it reaches its maximum when the walker’s
two legs are most apart and minimum when the legs cross. ¢; is
also invariant to the image size and insensitive to the orientation of
the walker. Across time, ¢; exhibits periodic change (Fig. 2c). The
principal frequency of ¢, is computed by Fourier transformation.

The periodicity of ¢ is less salient when the human walks in a
direction close to the viewing angle. However, since along sequence
is considered globally, the frequency is still correct with the
contributions from the side-view observations. The requirement
for phase accuracy is also less because the shape change is small.

The head and feet positions at the leg-crossing frames are then
computed. The center and e; ; of the blob gives the principal axis of
the body at frame ¢. The head and feet are assumed to be located on
the principal axes. The object blob is projected onto the principal axis.
As shown in Fig. 2d, the head and feet are located by finding two
endpoints along the principal axis whose projection count is above a
threshold (set as 1 percent of the blob size for the head and 2 percent
for the feet).

This method is not restricted to one human track. Tracks of
multiple walkers can be easily used to compute the vertical
vanishing point. To compute the horizon line, each track contributes
one set of intersections and multiple sets are combined in the line
fitting process. When a human walks fast in a side-view, the forward
shift of his /her center of gravity may cause the principal axes to lean
forward slightly. This could result in inaccuracy of the vertical
vanishing point. Considering multiple walkers in opposite direc-
tions can alleviate this problem.

One question about the above approach arises: How much does
the accuracy depend on the viewing angle (especially the tilt
angle)? When the viewing angle is parallel to the ground plane, Vy
tends to infinity; on the contrary, when viewed with a large tilt
angle, it is difficult to accurately locate head and feet positions. We
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Fig. 2. Extracting human leg-crossing phases from a video sequence. (a) and (b) Eigen analysis on the human shape at two different phases. The arrows are ,/v1;e;

and

Ta.€0,, respectively. (c) Plot of ¢, = v, /v1, over time. (d) Head and feet positions are located by finding two end points along the principal axis.
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Fig. 3. Given the horizon line, two auxiliary lines X; X, and Z,Z, are needed to
obtain the other two vanishing points. X, X, and Z, Z, are parallel to the ground
plane and orthogonal to each other.

analyze the robustness of our approach with regard to two different
viewing angles in Section 4.

3 CALIBRATION ALGORITHM
3.1 Camera Model

In a general pinhole camera model, the relationship between a

3D point [X,Y, Z,1]" and its 2D image projection [u,v,1]” can be
represented by a 3 x 4 projection matrix M:
[u,v,1]" ~M-[X,Y, Z 1] . (4)

M is determined by five intrinsic parameters (focal length f,
principal point (up, vp), aspect ratio a, and skew s) and six extrinsic
parameters corresponding to the transformation between the World
Coordinate System (WCS) and the Camera Coordinate System
(CCS). Here, we conveniently place the origin of WCS on the
ground plane and specify the transformation between WC'S and
CCS as follows: CCS is initially aligned with WCS. Then, it is
translated to T¢, followed by a rotation around the Y-axis by angle
pan, then a rotation around the X-axis by angle tilt and, finally, a
rotation around the Z-axis by angle roll. The corresponding rotation
matrices are Ry, Rx, and Ry, respectively. Accordingly, M can be
represented by the product of the following three matrices:

[ s wup
M=AR[I-T¢|where A=|0 fa vp|and R=RzRxRy.
0 0 1

(5)
3.2 The Algorithm
Our calibration algorithm consists of the following five steps:

Step 1. Obtain three vanishing points: The vertical vanishing
point Vy and the horizonline V7, are computed in Section 2. In order to
obtain the other two vanishing points Vx and V;, we need to specify
two auxiliary lines X X, and Z, Z,, which are parallel to the ground
plane and mutually orthogonal to each other. The directions of m
and TZ; correspond to the directions of the X-axis and the Z-axis of
WCS. The intersections of the two lines and V, are Vx and Vy, as
illustrated in Fig. 3.

Step 2. Locate the principal point: Under the assumption of
zero skew (s = 0) and unit aspect ratio (a = 1), the orthocenter of
the triangle with the three vanishing points as vertices is the
principal point [2]. We assume that s =0 and a is known. All
v coordinates of the original image are first multiplied by a scale
factor 1/a so that the aspect ratio becomes one. In Step 5, we will
adjust the parameters that are affected by this scale factor.

Step 3. Compute focal length and rotation angles: [1,0,0,0]" is
the homogeneous 3D coordinate of the point at infinity whose
2D image is Vy. Apply (4) and (5) to [1,0,0,0]” and we get
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| horizon line

Fig. 4. Computing camera height using cross ratio invariance. (a) D is the
intersection of the horizon line and the line passing Vi, feet B and head C of the
walking human. (b) If V-, B, and C are not collinear, there are two intersections (D,
and Dy).

uyy = fRi1/Rs1 + up
= fcos(roll)cot(pan)/cos(tilt) + fsin(roll)tan(tilt) + up,

vy, = fRo1/Rs1 +vp
= — fsin(roll)cot(pan)/cos(tilt) + feos(roll)tan(tilt) + vp.

(7)

Similarly, for [0,1,0,0]", we get

uy, = fRi2/ Rz + up = — fsin(roll)cot(tilt) + up, (8)
vy, = fRy2/Rsy +vp = — feos(roll)cot(tilt) + vp, (9)
where Ryi,. .., Rss are elements of the rotation matrix R. (uy,, vyy)

is the image coordinate of Vx and (uy; , vy, ) is the image coordinate
of V5. Equations (8) and (9) give us

roll = tan™! (—uvy — uP).

10
Vy, — Up ( )

From (6)-(10), we get

f:\/(sin(roll)(uyx —up)-+cos(roll) (v —vp))(sin(roll) (up—uy, )+cos(roll) (vp—vyy, )« (1 1)

Although, theoretically, the term under the square root sign in (11)
should always be positive, it can be negative, in practice, which
indicates an error in estimating V4 or V. In such cases, we adopt a
remedy similar to [10]. We increase the inlier threshold in the
RANSAC algorithm (Section 2.1) to remove more outliers and

repeat all previous steps until f is a real number.
Consequently, from (6), (7), (10) and (11), we get

tilt = tan " ((sin(roll) (uy, — up) + cos(roll)(vy, —vp))/f). (12)
From (6), (7), (10), (11), and (12), we get
pan = tan"*(f/(cos(tilt)(cos(roll) (uy, —up) (13)

— sin(roll)(vy, —vp)))).

For computational convenience, the orientation of CC'S as well as
WS is set such that the positive direction of the Y axis points down
(same as the v-direction in the image coordinate system) and the
positive direction of the Z axis points into the screen. Under this
configuration, roll and tilt computed using (10) and (12) have no
ambiguity because roll usually has a small value and ¢ilt is within
the range of [—7/2, /2] (when the camera points straightly down or
up), in which the tangent has a single value. Computing pan by
using (13) can give two values within the range of [—, «], but this
ambiguity can be easily eliminated by checking if X, X,, the positive
direction of X-axis in Fig. 3, is from left to right or otherwise.
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Fig. 5. One detected leg-crossing frames of each scene.

Step 4. Compute the translation vector T¢: If H, the height of
the walking human, is known, the cross ratio invariance [4] can be
used to infer camera height H¢, as shown in (14).

H d(C,D)-d(B, Vy)

e~ T (B, DydlC, V) (14)

Here, as illustrated in Fig. 4a, assuming Vy, feet B, and head C
of the walking human are collinear, D is the intersection of
the horizon line and the line passing through V3, B, and C.
Function d(P1, P2) denotes the distance between two points P1
and P2 on a 2D image. When Vy, B, and C are not collinear, we
compute two intersections D1 and D2, as shown in Fig. 4b, and we
use the midpoint of DD, as D.

Since each vertical line segment gives us a camera height, we
use the median of these camera heights as the final value of Hc.
There is no way to recover the real length of a 3D line segment
from a single image if no metric information is given. So, if H is
unknown, its value can be arbitrarily set to an assumed value H’;
for example, the average height of humans. All 3D world
coordinates are then subject to a scale factor H/H'.

Since Ty = —Hg, the only unknown parameters now are T
and T¢3. If we have a reference point, say O, with known 3D world
coordinates and corresponding image coordinates (uop,v0), Tcy
and T3 can be fixed by solving the two projection equations in (4).
If we conveniently specify O as the origin of WCS (as shown in
Fig. 3), Tcy and Ty are then given by

(TC1) 7((u0 —up)R31 — fRu (uo —up)Rs3 *les)_l
Tey)  \ (vo—vp)Rat — fRat  (vo — vp)Ras — fRas (15)
((UO —up)R32 — fRu» )
(vo —vp)Rgs — fRaz )’

Step 5. Refine the parameters by optimization: As mentioned
earlier in Step 2, the v coordinate of all pixels in the original image
are first multiplied by a scale factor 1/a. Suppose principal point
and aspect ratio computed in the previous steps are (up,vp) and 1,
it can be easily verified that those values of the original camera are
(up,vp-a) and a. All other parameters remain the same.

Up to now, we assume that a is known, s=0, V4, V,
(automatically computed from walking motion) and user’s inputs
{0, X1 X5, Z,Z>} contain no errors. But, this is not always the case
in practice. By taking the errors into account, we can further refine
the results. We apply an optimization approach here. Suppose the
head and feet positions of N vertical line segments are (up,,vn,),
(ug;,vg,), i =1,2,...,N. The X and Z world coordinates of N feet
positions can be computed by solving the projection equations in
(4). If feet positions are (X;,0,Z;), head positions should be
(Xi,H,Z;). H is the height of the walking human. We project
(Xi, H, Z;) back onto the 2D image. Suppose the reprojected head
positions are (uy, ,vy,), i =1,2,..., N and the sum of the square
distance between the original and these reprojected head positions
is Dist =" ((un, — ui][)2 + (v, — ”ilf)- Dist depends on the
computed projection matrix M and, thus, reflects the accuracy of
M. Therefore, the result can be refined by finding M that
minimizes Dist. We do not have to search all 12 elements of M;

(d) (e) ()

Dist depends on only three variables: M3;, M3y, and Mjy. The
other variables can be determined by the following constraints.

M;si2 + Mao® + Mgs? = 1,
M1 /M3 = uy,, Mo /Mgy = vy, Mia/Mgs = uy;, , Mas /Mgy = vy,
Mi3/Mss = uy,, Mag/Mgss = vy, Mia/Mss = up, May/Msy = vp.
(16)

So, the problem can be stated as computing arg min g, n,, ms,)
Dist(Ms1, M3z, M3y). We use Levenberg-Marquardt, a widely used
nonlinear minimization algorithm to solve this problem. The initial
values of M3, M3, and M3, are given by the previous steps.
Intrinsic and extrinsic parameters are then recovered using the
method described in [13].

Theoretically, this optimization procedure cannot guarantee the
reduction of true reprojection error because true 2D-3D correspon-
dences are unknown. In addition, the nonlinear optimization
algorithm (Levenberg-Marquardt) may only find a local minimum.
Nonetheless, our experiments show that results are improved after
applying this procedure.

4 EXPERIMENTAL RESULTS

For our experiment, six scenes were shot from three places with two
viewing angles each. Each scene contains walking sequences of two
subjects. Fig. 5 shows one detected leg-crossing frames of each scene.
Each video was recorded in Microsoft DV (NTSC) format. The
resolution is 360 x 240 and the aspect ratio is 0.9. To get ground
truth, we measured some 3D points and used the linear method [6]
to compute the ground truth projection matrices. The actual number
of 3D points measured in those six scenes is 20, 20, 16,16, 20, 24,
respectively.

4.1 Evaluation of Head/Feet Extraction

First, we evaluate the effectiveness of our approach to extract the
head and feet locations and, thus, the validity of using such locations
as vertical poles. As it is difficult to obtain real “vertical poles” at the
locations that the human passed, we use the following criteria to
provide an approximate yet meaningful evaluation. For each pair of
head and feet locations, we place a virtual vertical pole on the

€x=enteny
ey=e,y+ehy

virtual vertical pole
of the same height

(length = 1)
/

extracted head and
foot of a human —

ety 0
toward vertical
ex vanishing point

Fig. 6. Definition of evaluation errors of head/feet extraction: e, reflects the
deviation from being vertical; e, reflects the deviation from the ground truth height.
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TABLE 1
Statistics of Evaluation Errors in Head/Feet Extraction (in Percentage)

mean(ex) 326 279 1.08 196 171 3.04 194 182 013 -1.19 -211 -214 }J0.46

median(ex) [|3.88 284 161 183 192 372 25 216 -0.08 -1.12 -1.3 -1.56 ]0.46

std(ex) 414 482 451 416 48 498 52 468 321 372 509 527 J4.97

mean(ey) 6.82 7.48 3.02 1.57 27 385 539 571 -473 -7.65 -7.36 -8.27 |-1.04

median(ey) []6.95 6.94 291 111 267 392 496 555 -44 -8.09 -6.89 -8.19 [-0.44

std(ey) 271 3.01 263 229 285 281 294 376 286 3.63 4.05 4.63 [6.97
TABLE 2

Calibration Results

f (pixel) (up,vp) (pixel) s (pixel) tilt (deg)

pan (deg)

roll (deg) T¢ (inch)

Hen{pixel) O.{pixel)

408.79 0.915 (172.96, 111.92) 2.97 -13.5447 -38.9268 -4.3201 (191.84,-120.28,-131.81) ]0.763 0.326
1.a 420.37 0.900 (212.51,76.90) 0.00 -7.3912 -35.1911 -3.5122 (205.73,-119.61,-139.11) ]3.980 1.520
1.atopt J425.18 0.906 (197.53,77.91) 1.62 -7.5287 -36.2052 -3.4893 (202.76,-118.61,-142.34) ]2.807 1.567
1.b 417.53 0.900 (201.52,85.73) 0.00 -8.5428  -35.8500 -3.4435 (202.95,-119.23,-139.25) ]3.519 1.646
1.b+opt J419.26 0.904 (195.78, 86.40) 0.65 -8.6173  -36.2453 -3.4320 (198.54,-116.72,-138.20) ]2.948 1.629
2.linear J447.10 0.902 (182.49, 82.56) 0.19 -5.4889  26.2357 -1.3465 (-264.57,-75.80,-276.17) ]0.725 0.295
2.2 420.09 0.900 (145.76,100.49) 0.00 -8.1360 22.7522 -0.8251 (-269.20,-75.61,-262.21) |5.113 2.883
2.atopt |430.29 0.912 (156.55,104.93) -1.78  -8.4511 23.4913 -0.8193 (-261.39,-72.77,-263.87) |[2.657 1.099
2.b 460.26 0.900 (202.59,73.24) 0.00 -3.5351 27.4905 -1.2777 (-269.66,-76.23,-298.42) |]5.551 2.020
2.b+opt J467.23 0.927 (212.78,75.83) -1.28 -3.6956 28.1208 -1.2433 (-264.11,-72.91,-300.22) |[3.135 2.389
3.linear J411.49 0.909 (160.71,98.50) -3.32 -17.0398 15.3896 -2.7559 (5.81,-136.10,-216.56) 0.816 0.417
3.a 416.84 0.900 (173.99,59.92) 0.00 -10.3018 17.1830 -3.4664 (0.02,-136.23,-227.64) 3.164 1.635
3.atopt J409.74 0.905 (169.31, 58.07) 0.58 -10.1815 16.8450 -3.4435 (0.02,-132.82,-218.85) 2.408 2.023
3.b 437.04 0.900 (164.12,61.45) 0.00 -10.9951 15.0287 -2.1486 (2.55,-135.61,-231.75) 4.000 2.735
3.b+opt J424.46 0.917 (157.11,59.60) 0.76 -10.8747 14.5531 -2.1085 (2.63,-137.06,-231.15) 1.698 1.322
4.linear J440.87 0.908 (166.15,106.27) -2.76  -11.1899 39.2934 -1.5355 (-142.55,-92.07,-121.10) |0.703 0.293
4.a 437.17 0.900 (157.87,68.18) 0.00 -5.9702  39.0299 -2.0283 (-144.62,-91.72,-119.10) ]4.486 1.634
4.a+topt |440.98 0.881 (177.37,67.78) -1.35  -5.8957 40.3019 -2.0741 (-140.77,-92.87,-121.30) |[2.572 1.497
4.b 438.73 0.900 (196.63,73.92) 0.00 -6.3197  42.0093 -2.4694 (-140.06,-91.56,-124.15) ]3.914 1.531
4.b+opt J437.13 0.908 (184.00,73.88) 1.08 -6.3541  41.1785 -2.4465 (-142.38,-91.10,-122.57) ]1.632 1.357
5.linear J431.78 0.854 (211.25,84.63) -0.50 -16.9252 79.6812 -0.9397 (-568.16,-329.22,-135.92) ]0.481 0.262
5.a 426.87 0.900 (216.20, 123.52) 0.00 -21.1536 80.9188 -1.6100 (-614.63,-328.89,-142.36) |5.970 1.266
5.atopt |468.13 0.894 (199.53, 156.93) 7.00 -23.5658 79.8188 -1.6215 (-627.41,-296.85,-129.34) ]3.156 1.723
5.b 485.66 0.900 (181.48, 133.57) 0.00 -20.8098 77.4754 -0.5329 (-689.23,-329.02,-141.09) ]4.879 1.418
5.b+opt J505.70 0.919 (169.78, 159.49) 4.53 -22.4599 76.7592 -0.5214 (-699.16,-305.93,-135.10) ]3.791 2.257
6.linear J447.97 0.891 (155.27,84.95) -0.11  -29.1063 74.4559 9.6028 (-603.83.-464.41,-130.78) 0.426 0.233
6.a 411.55 0.900 (159.42,112.30) 0.00 -31.1689 75.0689 8.8178 (-599.53,-434.44,-118.31) ]6.213 1.795
6.atopt [396.49 0.897 (165.82,83.41) -7.03  -28.9859 75.9685 8.8751 (-523.58,-415.99,-110.25) |3.757 1.443
6.b 408.73 0.900 (175.51,101.96) 0.00 -30.1261 77.7962 7.3052 (-588.75,-430.79,-117.19) ]6.033 1.891
6.b+opt J395.77 0.894 (179.85,77.77) -4.95 -28.2583 78.4093 7.3625 (-518.55,-410.53,-108.89) |3.850 1.513

ground with the known height of the walking human and optimize
its location on the ground as

x* = argmin((h; — t(x))TZﬁ/l(h,v —t(x))

X

+ (£ = b(x) T (£ — b(x))),

where t and b are the image locations of the top and the bottom of
the pole projected by the ground truth projection matrix. We
compute the statistics of the deviations of the extracted head and feet
locations from the top and the bottom of the pole, as shown in Fig. 6.
We parameterize the error in the local coordinate system whose
y axis aligns with the vertical direction (towards the vertical
vanishing point). Therefore, e, reflects the deviation from being
vertical and e, reflects the deviation from a constant height. We
retain the signs of the errors to show the trend of bias. We normalize

the error by the length of the image pole length to make different
observations more comparable, & = [;,,éy| = [eix/li, €iy/li]. The
mean, median, and standard deviation of the error for all the
12 sequences is summarized in Table 1. Seq.# i.a and i.b denote the
sequences of the first and second subject in the ith scene.

The statistic of e, shows that the human are roughly vertical.
There are slight biases in different sequences. The bias usually
comes from the leaning of the body when walking. The statistic of
e, shows larger bias but smaller noise.

4.2 Evaluation of the Calibration Algorithm

Table 2 shows the computed camera parameters, the mean, fi,,, and
the standard deviation, o, of reprojection error given 2D-3D
correspondences which were used to get ground truth. The five rows
for each scene denote the linear method [6] (Parameters were
recovered using the method described in [13]) and our method (with
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and without optimization) on the first and second subject,
respectively.

Results show that our method is robust with regard to various
viewing angles. Our experiments cover a wide range of tilt angle
from 5 degrees (See Fig. 5b, shot on a tripod on the ground) to
30 degrees (See Fig. 5f, shot from the fourth floor of a building). The
range covers tilt angle of a typical camera setup for applications such
as visual surveillance. As expected, the result is more accurate in the
midrange, but it is also acceptable when the tilt angle is either very
small or large.

Results on different walking persons (three in total in all
experiments) show that our method is also insensitive with regard
to various subjects. Note the backpack in Fig. 5¢, which changes the
walking human’s silhouette. But, it did not affect the result much.

The differences between results before and after applying the
optimization can be clearly seen from Table 2. Although errors of
some parameters become larger after applying the optimization,
the average projection error (i) decreases in all experiments. In
some cases (e.g., 2.b and 3.a), 6., turns out to be larger after
applying the optimization. This is because, in these cases, the
reprojected points are homogeneously biased with regard to the
ground truth before optimization. Although the overall bias can be
compensated for by the optimization procedure, some points are
not affected by the optimization, which results in a larger variance
among the reprojection errors of all points.

The proposed method has been successfully tested on many
other data sets and has been used as a component in our tracking
systems ([15], [16]).

5 CONCLUSION

We propose a self-calibration method based on the geometric
properties of vanishing points. Our method differs from other
methods that use parallel lines in three mutually orthogonal
directions in that we uses only vertical line segments of the same
height and minimal amount of information available in the scene
(two auxiliary lines) to obtain all three vanishing points. We
specifically present a method to obtain the needed line segments by
detecting the head and feet positions of a walking human in his leg-
crossing phases. The results are satisfactory with regard to various
viewing angles and subjects for the task of human motion analysis.
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