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Abstract. Active range cameras based on the Photonic Mixer Device
(PMD) allow to capture low-resolution depth images of dynamic scenes
at high frame rates. To use such devices together with high resolution
optical cameras (e.g. in media production) the relative pose of the cameras with respect to each other has to be determined. This task becomes
even more challenging, if the camera is to be moved and the scene is
highly dynamic.
We will present an efficient algorithm for the estimation of the relative pose between a single 2D3D-camera with respect to several optical
cameras. The camera geometry together with an intensity consistency
criterion will be used to derive a suitable cost function, which will be
optimized using gradient descend. It will be shown, how the gradient of
the cost function can be efficiently computed from the gradient images
of the high resolution optical cameras.
We will show, that the proposed method allows to track and to refine
the pose of a moving 2D3D-camera for fully dynamic scenes.
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Introduction

In recent years active range cameras based on the Photonic Mixer Device (PMD)
have become available. Those cameras deliver low resolution depth images at
high frame rates comparable to usual video cameras. Some PMD-cameras also
capture intensity images registered with the depth images (c.f. [11] or [10]) and
are therefore sometimes called 2D3D-cameras.
In some applications, such as media production, the images of the 2D3Dcamera cannot be used directly. In those cases high resolution optical cameras are
used together with the depth information from 2D3D-cameras. The combination
of PMD and optical cameras has for instance been used in [6], which explicitly
does not require an accurate relative orientation between the two systems.
A combination of PMD and stereo images has also been proposed in [9] and
in [1], which rely on an accurate relative orientation between the optical cameras
and the PMD-camera. There, the PMD-camera is not allowed to be moved and
a fixed rig is used instead, which is calibrated beforehand using a calibration
pattern (cf. [2] and [13]).

Fig. 1. The setup comprising of a moving PMD 2D3D-camera mounted on a pan-tilt
unit between two fixed high resolution optical cameras.

Due to the narrow opening angle and the low resolution of the PMD camera
a fixed rig limits the visible space of the 2D3D-camera. This limitation can be
circumvented by moving the 2D3D-camera and focus on the interesting spots in
the scene. See figure 1 for the setup we used comprising of two high resolution
optical cameras and a 2D3D-camera mounted on a pan-tilt unit.
However, in case the 2D3D-camera is moving, its relative pose with respect
to the optical cameras has to be determined. Tracking the pose of a moving
PMD-camera has been presented in [3] and also in [5]. There the intensity information from the 2D3D-camera is not used. Tracking the pose of a moving
2D3D-camera using also the intensity information has been done in [8], [12] and
[14]. In contrast to our approach all those approaches are not based on additional optical cameras and therefore require a static scene. Because we estimate
the relative pose between the 2D3D-camera and the optical cameras for each
frame, our algorithm is also able to cope with fully dynamic scenes as long as
the images are synchronized.
This paper is organized as follows: in section 2 we will derive the geometry of
the 2D3D-camera in relation to the optical cameras and propose a cost function
based on an intensity consistency constraint. In section 3 it will be shown, how
this cost function can be efficiently optimized using gradient descend. Finally
we will present some results on synthetic and real data taken with the setup
depicted in figure 1 in section 4.
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Camera Geometry and Intensity Consistency

First we will introduce some notation describing the geometry of the cameras.
We start with the 2D3D-camera, from which we obtain intensity as well as depth
images
I0 [x] : IR2 7→ IR
D0 [x] : IR2 7→ IR
(1)

for each shot. The camera geometry of this 2D3D-camera will be characterized
by the projection matrix (cf. [7, p.143])

P0 = K0 R T0 (I 3 | − C 0 )

(2)

which maps homogeneous 3d points X to homogeneous image coordinates according to
x = P0 X
(3)
In our application the cameras are assumed to be calibrated, i.e. we assume K0
to be known. The pose of the 2D3D-camera, i.e. R 0 and C 0 , is unknown and
will be estimated in the following.
Inverting equation (3) yields for each pixel x together with the depth image
D0 [x] a 3d point
D0 [x]R 0 K −1
0 x
+ C0
(4)
X=q
−1
xT K−T
0 K0 x
We now introduce additional intensity cameras, which produce normal intensity
images
Ii [xi ] : IR2 7→ IR
(5)
triggered synchronously with the 2D3D-camera. The camera geometry of those
additional cameras will be described by the projection matrices

Pi = Ki R Ti (I 3 | − C i )

(6)

which are assumed to be completely known in the following. The 3d points from
equation (4) are then projected into those intensity cameras at the homogeneous
coordinates
(7)
xi = Ki R T
i (X − C i )
Denoting the homogeneous image coordinates as
 
ui
x i =  vi 
wi
the Euclidean coordinates are obtained by simple normalization
 
1 ui
xi =
wi vi

(8)

(9)

We have now established correspondences between pixels x in the 2D3D-camera
with a pixel in each intensity camera xi using the depth image D[x]. Using
the derived pixel correspondences x ↔ xi , we will assume that the intensities
of those pixels are equal up a per image brightness offset bi and a per image
contrast difference ci
!
ci I0 [x] = Ii [xi ] + bi
(10)

This condition only holds true, if the pixel is not occluded. Therefore we
introduce an occlusion map on the images of the 2D3D-camera

1 if x ↔ xi is not occluded
νi [x] =
(11)
0
otherwise
which can be computed from the depth map D using shadow mapping techniques
(cf. [15]). Note, that approximate pose parameters R 0 and C 0 are required for
this operation.
Finally introducing the robust cost function
 2
x
if |x| < θ
Ψ [x] =
(12)
|x| + θ2 − θ otherwise
we are able to formulate the intensity consistency constraint by optimizing the
following cost function
XX
φ(R 0 , C 0 , c, b) =
νi [x]Ψ [Ii [xi ] − ci I0 [x] + bi ] → min
(13)
x
i
for the unknown pose parameters R 0 and C 0 as well as the unknown brightness
offsets b and contrast differences c. In case of a PMD 2D3D-camera the resolution
and hence the number of pixels is small, so that we sum over all pixels x of the
image. To improve the running time of the algorithm in case of higher resolution
2D3D-cameras it is also possible to detect interest points and sum up only those.
In the following section we will show, how this cost function can be efficiently
optimized using gradient descent techniques.
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Optimization

We will now show, how the cost function derived in the previous section can be
efficiently optimized. Therefore we first approximate the rotation matrix by (cf.
[4, p.53])
(14)
R 0 = R 0 + [r 0 ]×
where [·]× denotes the 3×3 skew symmetric matrix induced by the cross product
(cf. [7, p.546]). The unknown rotation is now parameterized using the 3-vector r 0
containing the differential rotation angles. Stacking all the unknown parameters
into the parameter vector


r0
 C0 

p=
(15)
 c 
b
the gradient of the cost function (13) is given by


XX
∂Ii [xi ]
T
− I0 [x]eT
+
e
(16)
g=
νi [x]Ψ 0 [Ii [xi ] − ci I0 [x] + bi ]
i+6
i+N +6
∂p
x
i

where N is the number of images and ei is a vector of the same size as the
parameter vector p containing zeros except for the i-th component, which is
one. Note, that the dependence of the occlusion map νi [x] on the rotation and
translation of the 2D3D-camera is neglected here.
We will now look at the components of the gradient. First, the derivative of
the robust cost function is simply given by

2x if |x| < θ
0
Ψ [x] =
(17)
1 otherwise
Second, the partial derivatives of the intensity images Ii [xi ] with respect to the
unknown parameters p is obtained from the gradient images ∇Ii [xi ] using chain
rule as
∂xi ∂xi ∂X
∂Ii [xi ]
= ∇Ii [xi ]
(18)
∂p
∂xi ∂X ∂p
Its components are the partial derivatives of equation (7) being
!
ui
1
∂xi
wi 0 − wi2
=
0 w1i − wvi2
∂xi

(19)

i

as well as of equation (9) being
∂xi
= K iR T
i
∂X

(20)

Finally we need the Jacobian

∂X
= ∂∂X
r0
∂p

∂X
∂C 0

0 3×2N



(21)

where N is the number of intensity images and the null matrix 0 3×2N reflects the
fact, that the 3d point is independent of the image brightness and contrast. The
components of this remaining Jacobian are the partial derivatives of equation
(4) given by
 −1 
∂X
−D0 [x]
K0 x ×
(22)
=q
∂r 0
−1
xT K−T
K
x
0
0
as well as

∂X
= I3
∂C 0

(23)

Note, that only the gradient images of the high resolution optical cameras and
some simple matrix operations are required to compute the gradient, which can
be performed very efficiently.
Having derived an efficient method for computing the gradient of the cost
function from the gradient intensity images, it is now possible to minimize the
cost function using gradient descent techniques. To do so we need to determine
a step width. This can be done by using the curvature of the cost function in

the direction of the gradient. We therefore compute three samples of the cost
function
φ0 = φ(p0 )
φ1 = φ(p0 − g)
φ2 = φ(p0 − 2g)
(24)
and note, that the parabola fitted through this three values has its peak at
0 = 

3φ0 − 4φ1 + φ2
2φ0 − 4φ1 + 2φ2

(25)

If the cost function in the direction of the gradient is convex, then 0 > 0. If this
is not the case, we set 0 to an arbitrary positive value (e.g. 0 = ). Then we
proceed as follows: Starting with a line-search factor α = 1 we check, if there is
an improvement in the cost function, i.e. if
φ(p0 − α0 g) < φ(p0 )

(26)

If this is the case, we update p0 accordingly and iterate. If this is not the case
we reduce α and repeat the test. This scheme is iterated, until the parameter
updates are sufficiently small.
We have presented an efficient estimation scheme, which we will evaluate in
the following section.
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Results

To evaluate the proposed algorithm, we rendered a synthetic data set from a
known geometry, for which ground truth data is available. The setup was chosen
similar to the one depicted in figure 1 comprising of two optical cameras with
a 2D3D-camera in between. Figure 2 shows the 3d setup we used. The optical
cameras are placed 1m to the left and to the right of the 2D3D-camera at a
distance of about 18m from the castle with the occluding arc at a distance of
approximately 11m. The resolution of the optical cameras was chosen as 640×480
pixels at an opening angle of 70◦ while the resolution of the 2D3D-camera was
chosen as 160 × 120 pixels at an opening angle of 40◦ .
On the left hand side of figure 3 the image from one of the optical cameras is
shown together with the image of the 2D3D-camera re-projected using exemplary
erroneous initial pose parameters at a distance of 0.4m from the ground truth.
On the right hand side of figure 3 the same image is shown after the optimization.
As expected the registration between the images has improved.
In order to quantify this improvement, we initialized the algorithm with pose
parameters disturbed by Gaussian noise of increasing standard deviation σC and
compared the resulting poses with the known ground truth poses. In addition to
this disturbance of the initial pose parameters we repeated the experiment with
Gaussian noise on the depth images of the 2D3D-camera with standard deviation
σdepth = 2m as well as with Gaussian noise on the optical images with standard
deviation σint = 50 at an intensity range of 255. The distances dc of the resulting
poses to the known ground truth poses together with their standard deviations
are plotted against the standard deviation of the disturbance of the initial pose

Fig. 2. Estimated pose and point cloud after optimization of the synthetic scene. The
camera symbols in the middle show the pose of the 2D3D-camera before the optimization, after the first iteration and at the final position.

Fig. 3. Left image of the synthetic sequence. The 2D3D image is overlaid onto the
intensity image using the initial pose on the left hand side and using the optimized pose
on the right hand side. The enlargements show that the registration error decreases.
Note the speakers in the top view and the corrected discontinuity on the bottom view.
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Fig. 4. Left: Mean distance and standard deviation of the resulting pose to the ground
truth pose plotted against the standard deviation of the initial pose disturbance. For
the bottom curve no noise was added to the input images, while the two other curves
result from severe additional noise in the depth and intensity images respectively. Right:
Mean distance and standard deviation of the resulting pose to the ground truth pose
plotted against the standard deviation of the depth image noise using initial pose
disturbance with standard deviation σC = 0.25m.

parameters σC on the left hand side of figure 4. Observe, that the algorithm
reacts much more sensitive to disturbances of the depth than to disturbances
of the intensity images. The sensitivity of the algorithm to disturbances of the
depth images is shown on the right hand side of figure 4, where we plotted the
distances dc of the resulting poses to the known ground truth poses together
with their standard deviations against the standard deviation of the disturbance
of the depth images σdepth while keeping the disturbance of the initial pose at
σC = 0.25m. It can be seen, that in this example severe disturbances of depth
and intensity images do not affect the performance of the algorithm unless the
pose initialization is above σC = 0.25m. As expected the Gaussian intensity
noise is well compensated by the robustified least-squares optimization. It can
be seen, that also the Gaussian noise in the depth measurements, which also
affects the occlusion maps, can be coped with to some degree.

Fig. 5. Left image of a real sequence. The 2D3D image is overlaid onto the intensity
image using the initial approximate pose from the pan-tilt unit on the left hand side
and using the optimized pose on the right hand side. Note the corrected registration
for instance on the enlarged part of the poster in the background.

Next, we evaluated our algorithm on real images taken with the setup depicted in figure 1. It comprises of two optical cameras with a resolution of
1600 × 1200 pixels having an opening angle of 60◦ in combination with a 2D3Dcamera mounted on a pan-tilt unit. The 2D3D-camera comprises of a PMD
camera with a resolution of 176 × 144 pixels having an opening angle of 40◦ operated together with a rigidly coupled and calibrated optical camera from which
the intensity values are taken using the mutual calibration. Figure 5 shows the
intensity image of the left camera together with the re-projection of the image
of the 2D3D-camera. On the left hand side the initial pose obtained approximately from the pan-tilt unit is used and the image on the right hand side shows
the re-projection after the optimization. Observe, that on the left hand side the
registration is fairly poor, while the mutual registration after the optimization
is significantly improved as shown in the image on the right hand side. The 3d
camera poses before and after the optimization are depicted in figure 6.

Fig. 6. Estimated pose and point cloud after optimization of the real scene. Again the
camera symbols in the middle show the pose of the 2D3D-camera before and after
optimization.
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Conclusion

We have presented a system for estimating the pose of a moving 2D3D-camera
with respect to several high resolution optical cameras. Because the method is
based on single synchronized shots of the scene, no additional assumptions on
the rigidness are made and the scene is allowed to be fully dynamic.
It has been shown, that our approach is quite robust and able to cope very
well with severe noise on the intensity as well as on the depth images. The
presented method is a greedy gradient based optimization, so that we require
good initial values for the pose parameters. Those can be either obtained from
external sources, such as the rotation data from the pan-tilt unit or an inertial
sensor mounted on the 2D3D-camera, or by tracking the pose over an image
sequence. Our experiments indicate, that both approaches are feasible and the
radius of convergence is sufficiently large for the application of the pan-tilt unit
or the inertial sensor as well as for tracking the pose at high frame rates.
As the radius of convergence is governed by the reach of the image gradients,
future work will focus on improving the convergence by introducing a multiscale coarse-to-fine optimization. We expect, that thereby the tracking of faster
rotational movements, which cause large image displacements even at high frame
rates, can be improved.
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