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Sampling-based Methods for Visual Navigation in 3D Maps by
Synthesizing Depth Images
Peer Neubert, Stefan Schubert and Peter Protzel
Abstract— Camera-based navigation within a given threedimensional map enables heterogeneous robotic systems to
share maps and use more abstract environment models like floor
plans. This paper builds upon our previous work, and addresses
the problem of how to combine 3D distance information
from the map and the current visual image from the robot’s
camera in order to navigate within this map. The underlying
assumption is that features which cause depth changes are also
likely to create visual gradients. Based on this assumption, the
similarity of visual image and depth images that are synthesized
from the 3D map can be used to evaluate pose hypothesis.
This paper integrates this idea into a Monte Carlo localization
approach and additionally presents its application to path
following. The presented approach is evaluated on a synthetic
datasets that provides perfect knowledge of the ground truth,
as well as two real-world datasets acquired by a heterogeneous
robotic team: a proof-of-concept dataset in a scattered indoor
environment, and a challenging corridor dataset.

I. INTRODUCTION
Usually, robots are equipped with a broad range of different sensors and exploit different kinds of a priori known
or externally provided information. Combining information
from different sources (e.g., by means of sensor data fusion)
is a fundamental building block in applied robotics. Sharing
information across different sensor modalities (e.g., between
a given 3D map and the current view from the robot’s
camera) is a particularly challenging task. In this paper,
we deal with the problem of pure 2D vision based mobile
robot navigation in a priori given 3D maps. We demonstrate
experiments on a particularly interesting use case of heterogeneous robot teams, where one larger robot has powerfully
3D sensors to create a map and a second robot uses a cheaper
and more lightweight camera to navigate within this map.
Also, a single robot that captured 3D information at very
low rates (e.g., a robot that has to stop to create scans [1])
can benefit from a vision based localization relative to the
previous 3D frame. 3D structure is less prone to appearance
changes due to weather or lighting conditions. Moreover,
such 3D maps could be provided not only by other robots,
but also from external sources like construction plans. We
do not aim to replace approaches that also exploit additional
information provided by the maps (e.g., from texture mapped
3D models), but we want to demonstrate that the sole
geometric information can be sufficient for localization.
The underlying algorithmic idea borrows some ideas from
a biologically inspired algorithm for visual homing of dessert
ants [2]. In contrast to extracting and matching discrete
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Fig. 1. Taxonomy of camera-based localization approaches in 3D maps.
This work fills a gap by using synthesized depth images from the map for
comparison to visual images.

landmarks from the different sensor modalities, we examine
the question: Would the world look like this image if I were
at that pose? While the ant algorithm warps visual images,
we build upon synthesized depth images from the known 3D
map and integrate them into Monte Carlo based localization.
In earlier work [3], we discuss an image processing
pipeline that is able to provide reasonable similarity measures
for input pairs of visual and depth images and sketch
opportunities for the application on mobile robot navigation
tasks. In this current paper, we integrate this earlier work in
a Monte Carlo Localization system and present an approach
for trajectory following based on this idea. We use a caching
system to keep the computational effort for synthesizing
depth images feasible and exploit properties of the image
similarity measure to reduce the number of required particles.
Finally, we present results on a synthesized dataset and real
world experiments on a heterogeneous robot team.
II. RELATED WORK
The idea of using a visual camera to localize a robot in a
known map of the 3D world is quite old. “Shakey the Robot”
[4] enhanced edges in the visual image to obtain landmarks
(e.g., doorways or wall corners) and compared them with the
expected view from its currently assumed position. This was
used to correct small errors in Shakey’s pose estimate.
Fig. 1 provides a coarse taxonomy of more recent approaches to camera based localization in 3D maps. There
are two basic groups: Members of the first group perform a
localization with the geometrical information from both the
map and the camera. Forster et al. [5] used a structure-frommotion based approach to conduct a camera-based dense reconstruction of the environment’s geometrical structure. The
resulting reconstruction is then used to perform an ICP-based
(Iterative Closest Point) point cloud matching to obtain the
current pose of the camera. Caselitz et al. [6], [7] showed that
a vision-based semi-dense reconstruction, which is obtained
from the Visual SLAM algorithm ORB-SLAM [8], is also

III. ALGORITHMIC APPROACH
Comparing features between different sensor modalities
(in our case a 3D map and panoramic visual images) is a
challenging task. Our algorithmic approach builds upon the
idea of evaluating synthesized depth images at hypothetical
robot poses. Instead of computing features that can be
matched between both modalities (like Shakey’s doorways),
we ask the question: How would the panoramic depth image
look like if the robot actually were at a hypothetical position
in the world? We evaluate the likelihood of this hypothetical
position based on the assumption that parts of the world that
cause depth changes are also likely to create visual image
gradients.
How we create the synthesized images and compare them
to visual images is content of the following two sections IIIA and III-B. The subsequent sections describe how this
integrates into Monte Carlo Localization and how it can be
used to follow a given target trajectory.
A. Synthesizing depth images
Given a 3D point cloud map and an assumed position of
the robot and its camera, we can synthesize a depth image
by projecting the distance to the closest 3D points on the
virtual camera plane (for details see [3]). This is a typical
computer graphics task for which efficient methods exist.
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sufficient for a subsequent ICP-based pose estimation. Gawel
et al. [9] built also upon a semi-dense reconstruction by
ORB-SLAM, however, for localization of the camera within
the map they used the geometrical information from both
the camera and the map to conduct a 3D feature matching.
[10] and [11] extract skyline representation from images to
localize within digital elevation models of mountain regions
and coarse 3D city models respectively.
The second approach to a camera-based localization within
a given 3D map is to use the map in order to synthesize
images at arbitrary positions, allowing the usage of image
processing based pose estimate algorithms. Given the raw
depth information of the 3D map, most existing approaches
require additional information in order to be able to perform
a localization. Therefore, the approaches of Stewart et al.
[12], Caron et al. [13], [14] and Pascoe et al. [15], [16] build
upon a map-based RGB-image synthesis with a subsequent
image matching approach for pose estimate. Napier et al.
[17], Wolcott et al. [18], and Pandey et al. [19] showed
that a previously given map enhanced with intensity data
is sufficient to conduct a camera-based pose estimate. The
presented approach in [17] is partially similar to our approach
but requires additional laser intensity data. As a brute force
search, they start with an extensive sampling of synthetic
images which are generate from the intensity values of the
map around an initial pose guess. On these synthetic images,
an edge detection with a subsequent patch normalization is
applied. Finally, the synthetic images are matched to the
current camera view by a mutual information maximization.
We fill the remaining gap in Fig. 1 by solely using depth
information obtained from the 3D maps.

Average of mutual projection

∑
Fig. 2. Overview of the image processing pipeline. The red pixels in the
input depth image are NaN values. See text for details.

The usage of normalized spherical coordinates for all images
facilitates efficient implementation (i.e., the camera “plane“
is the unit sphere). This allows to directly use a part of the
spherical image to select a particular field of view, e.g., a
panoramic image at a certain orientation of the robot. Parts
of the synthesized image for which the map does not provide
information are filled with NaN values.
B. Comparing visual and depth images
The image similarity computation is based on a holistic
comparison of the visual and the depth images. Fig. 2
summarized the processing steps. A more detailed explanation and evaluation can be found in [3]. We compute
gradient based features independently for both images and
add up the average lengths of the mutual projections. Careful
normalization is essential for this approach. The visual
images are normalized to a total magnitude sum equal one in
each image. This lowers the importance of individual pixel
gradients if there is a lot of texture in the image.
Additionally to this global normalization, a local contrast
normalization (LCN) is applied to the depth images. The
LCN computes mean m and standard deviation σ in a [(2k +
1) × (2k + 1)] neighbourhood around each pixel D(i, j) and
scales and shifts the value of this pixel by:
D(i, j) − m
(1)
σ
Since m and σ are computed for each pixel from its
individual neighbourhood and this LCN is applied to all
synthesized depth images, an efficient implementation is
crucial. An outline of our algorithm based on integral images
is provided in Algorithm 1. Its runtime is linear in the
number of pixels and independent of the radius k of the
contrast normalization. Although this algorithm can handle
NaN values, we interpolate NaN values from surrounding
non-NaN values before LCN (this can be done efficiently
based on integral images as well).
D(i, j) ←

Algorithm 1: Efficient LCN using integral images

Algorithm 2: Visual-Depth Monte Carlo Localization
Data: 3D Map M , image sequence I1:n , odometry measures U1:n
Result: Particle set P , each pj ∈ P is a robot pose

Data: Image I, range of LCN k in pixels
Result: Local contrast normalized image N

// initialize particle set

// Apply LCN on I

1 P ←initParticles()
2 Dcache ← prepareDepthImageCache(M)

1 Function N = LCN(I, k)
2
3
4
5
6
7
8
9
10
11
12
13

14
15
16
17
18

// prepare integral images
iiV als ← computeIntegralImage(I)
iiSquaredV als ← computeIntegralImage(I 2 )
iiN oN aN ← computeIntegralImage(not(isnan(I)))
N ← NaN(hI , wI )
foreach Not NaN pixel (y, x) in I do
[x1 , x, y1 , y2 ] ← getAreaCornerCoordinates(x, y, k)
n ← queryIntegralImage(iiN oN aN, y1 , y2 , x1 , x2 )
m ← queryIntegralImage(iiV als, y1 , y2 , x1 , x2 )
m2 ← queryIntegralImage(iiSquaredV als, y1 , y2 , x1 , x2 )
// Apply
p Steiner translation theorem
σ←
m2 /n − (m/n)2
N (y, x) ←
end

// process each image
3 for t = 1 : n do
4
Scache ← prepareSimilarityCache(M)
5
foreach pj ∈ P do
6

7
8
9

I(y,x)− m
n
σ

// Value in J is sum of all top left values in I
// NaNs are counted as zeros
Function J = computeIntegralImage(I)
J ←zeros(hI + 1, wI + 1)
foreach Pixel (y, x) in IP
do
J(y + 1, x + 1) ←
I(i, j)
i<y,j<x
end
// Get sum of rectangular area

19 Function v = queryIntegralImage(J, y1 , y2 , x1 , x2 )
20 v ← J(y2 + 1, x2 + 1) − J(y2 + 1, x1 ) − J(y1 , x2 + 1) + J(y1 , x1 )

10
11
12
13
14
15
16
17
18
19
20
21

The gradient features Gv (visual) and Gd (depth) are
computed using vertical and horizontal Sobel filters. To
obtain the similarity s between visual and depth images, we
evaluate the mutual projections of these gradients by

s=

X
pixels

→
− →
−
− →
−
X →
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Gd · Gv →
−
−
→
− 2 · Gd +
→
− 2 · Gv
k G dk
k G vk
pixels

(2)

C. Monte Carlo Localization based on synthesizing depth
images
For practical application of the above similarity measure
for mobile robot navigation, it is crucial to take care of
the number of synthesized depth images and image comparisons. The described evaluation of visual and synthesized
depth images seamlessly integrates into particle filter based
Monte Carlo Localization (MCL). Each particle represents
a hypothesis of the current robot pose. The weight of each
particle is computed from the accordance of the synthesized
depth image at this pose with the current camera image.
The nature of our similarity evaluation approach allows
some modifications of vanilla MCL to keep the computations
feasible. Algorithm 2 outlines the computational steps. We
exploit two paths to save computations: We extensively reuse
data, and we reduce the number of required particles.
As already mentioned, the number of synthesized images
has large influence on the runtime. Normalized spherical
coordinates allow to use a single panoramic depth image
for the evaluation of all orientations at this map position.

22
23 end

// sample motion from odometry
pu
j ← applyOdometrie(pj , Ut )
// query cache for existing similarity
evaluation S of this pose
if isInCache(Scache , pu
j ) then
S ← queryCache(Scache , pu
j)
else
// query cache for existing
synthesized depth image
if isInCache(Dcache , pu
j ) then
D ← queryCache(Dcache , pu
j)
else
D ← synthesizeDepthImage(M, pu
j)
Dcache ←insertInCache(Dcache , pu
j , D)
end
// compare images
S ← compareVisualDepth(It , D)
Scache ←insertInCache(Scache , pu
j , S)
end
// adjust particle orientation from S
u
pu
j ← adjustOrientation(pj , S)
// obtain sampling weight from S
wj ← getWeight(S)
end
// importance sampling
P ← importanceSampling(w, P )

Line 16 calls a function that computes the visual depth image
similarity from equation 2 for a set of orientation differences
α between the visual and the depth image.
In normalized spherical image coordinates and under
planar motion (where α resembles the yaw angle) this can
be simply done by circular shifts of image columns. The
result S of line 16 hold the similarity for all α-shifts. This
function can directly be used to implement a visual compass
for a robot that is equipped with a panoramic camera and
navigates in a known 3D map. The structure of the used
image processing pipeline depicted in Fig. 2 enables to
compute the gradient image features once for each panoramic
depth and visual image and only recomputes the mutual
projections for each α-shift individually.
To further speed up processing, we implement two data
caches: Line 2 instantiates a memory for synthesized depth
images. All synthesized depth images are stored in this cache.
They are reused whenever a new depth image is queried for a
pose for which a nearby depth image is available in the cache
(line 10). Since we synthesize panoramic depth images, the
cache query is orientation independent. This cache saves
computation time, but comes at the cost of a new parameter:
the maximum distance of poses for which a cached image is
used. This parameter influences the resolution and accuracy

Fig. 3. Illustration of the particles during first iterations (row major order) of the Monte Carlo Localization Algorithm 2 (after importance sampling).
Initially, the magenta coloured particles are uniformly spread over the map. In each iteration, the odometry measures and the similarity of synthesized
depth images to the current visual image are evaluated. After few iterations, the particles converge to the ground truth trajectory (black dotted line).

of the resulting localization. Fortunately, the choice of its
value is facilitated by its clear geometrical meaning. This
cache has the advantage that, dependent on the task, it might
be filled offline in advance. For large maps, the cache can
be stored on disk, and parts near the current set of particles
can be loaded into memory.
The second cache (created in line 4) depends on the current
robot image and cannot be precomputed. It contains the
results of similarity evaluations between visual and depth
images (line 17). These comparison results can be reused
between different particles at very similar positions, but with
potentially different orientations. Since we expect a high
density of particles at some parts of the map, the resulting
reuse rate can be quite high.
The number of required particles depends on the number
of degrees of freedom that have to be represented by their
distribution. We can exploit the structure of the image
processing pipeline to reduce the number of particles that
are required to represent the variance of the orientation of
the particles. The time for image synthesis and gradient
feature computation (including LCN) is much higher than
the time for evaluation of the mutual projections. When
comparing a depth and visual image, it is computationally
cheap to evaluate the whole set of α-rotations. We can then
use this information to adjust the orientation of the particles
(line 19) before computing the weight. This adjustment can
be done deterministically by assigning the best orientation
or by fusion with the particle’s orientation estimate. This
adjustment can also vary over time. We will see in the
evaluation that in particular for the initial set of particles in
a kidnapped robot scenario, an initial adjustment can reduce
the number of required particles.
For computing the weights in line 20 it showed to
be beneficial to spread the resulting similarities for equa-

d
Ψ
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Unknown current robot pose

Fig. 4. Motion direction estimation for path following: The true motion
direction (solid green arrow) towards a target waypoint is approximated
based on the direction (dotted green arrow) from the target to the most
similar synthesized depth image sampled at angles Ψ and distances d around
the target waypoint.

Fig. 5. The fisheye camera on the left is mounted on the small robot (about
7 kg) in the mid-left. The larger robot (> 50 kg) on the mid-right created
the maps using the 3D laserscanner shown on the very right.

tion 2. They are normalized to range [0, 1] and spread by
w = sλnormalized . The results are robust to a wide range of
choices for λ, in our experiments we choose λ = 20. For
importance sampling in line 22, we use the low variance
sampler of [20]. For practical applications, Algorithm 2
should be combined with state-of-the-art MCL extensions
to control the particle distribution properties like adaptive
resampling rates and particle spreading [20].
D. Application for path following
The described similarity measurement can also be used to
follow a trajectory that is defined in the map. As before,

Fig. 6. Localization results on the three datasets. For the Lab and ETHZ datasets, the initial particles were spread uniformly over the whole image. For
the Corridor dataset, the initial particles were spread over the first 40 metres of the corridor. The shown resulting trajectory is obtained from the particle
with the highest accumulated weight.

we assume a robot with an omnidirectional camera and
a 3D point cloud (again there is no need for colour or
laser intensity information in the map). Further, there is a
trajectory (a sequence of way points) defined in the map.
This trajectory can be the outcome of a path planner, the
trajectory of another robot or of a prior pass of the same
robot through this environment (in a Teach & Repeat sense).
Fig. 4 illustrates our approach to estimate the required
motion direction to a selected waypoint of the trajectory. The
robot pose is unknown, but it is known to be in the vicinity of
a certain waypoint (e.g., the start point of a planed trajectory).
For a set of motion distances d and motion directions Ψ,
we can synthesize depth images and compare them to the
current visual image using the same approach that evaluates
the particles in line 16 of Algorithm 2. Again, the similarity
is evaluated for all orientation differences α. From d and
Ψ of the best sample position, a motion direction towards
the target waypoint can be estimated. In our experiments,
we sample at 16 directions Ψ and two distances d and
additionally at the waypoint itself. To increase robustness,
the motion estimates can be smoothed by median filtering
(in our experiments over the last 5 images). The gist of this
approach is close to an biological inspired model of visual
homing of the dessert ant [2]. Although we use synthesized
depth images instead of warped visual views, we use the
same nomenclature for ease of methodological comparison.

IV. EXPERIMENTAL RESULTS
We conduct experiments using the three datasets illustrated
in Fig. 7: The ETHZ dataset [21] is a publicly available
synthetic dataset that provides omnidirectional panoramic
and depth images from a known trajectory through a simulated city environment. We do not use the provided depth
images directly (since they are all from a single trajectory),
but reconstruct a 3D model of the inner part of the city
from which we can synthesize images. We use the sequence
part 300-1200 of the original visual panoramic images (the
part through the inner city) and localize each 25 images.
For path following, we used each 10th image. Odometry
measurements were generated by adding Gaussian noise to
the provided ground truth. The other two datasets were
collected with the robots shown in Fig. 5. The large robot
has a high resolution 3D laserscanner that was used in
combination with ICP for mapping. The small robot has a
upwards looking fisheye camera with about 190o FOV and
captured the panoramic images during a second run through
the environment. The camera was calibrated using [22] and
provided panoramic images in spherical coordinates. This
heterogeneous robot team collected data from a cluttered
laboratory environment (8 images), the Lab dataset, and
a challenging 160m Corridor (41 images) with significant
repetition in the 3D structure. All maps contain only 3D
information (neither colour, nor laser intensities). Table I pro-
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Fig. 7. Illustration of the datasets and quantitative evaluation for the (f.l.t.r.) Lab, ETHZ and Corridor datasets. The ETHZ 3D map was created from
the provided depth images and the ground truth trajectory. The maps for the Lab and Corridor datasets were collected with the laser scanner of the larger
robot in Fig. 5 and a manually corrected ICP. The panoramic images of the Lab and Corridor datasets were captured with the fisheye camera of the smaller
robot from this figure. The vertical field of view of the panoramic image was further reduced, i.e., the salient ceiling construction of the Lab environment
was not in the images.

vides the parameter settings for the following experiments.
In [3] we already evaluated properties of the image
processing pipeline and the heading direction estimation.
Here, we want to focus on the navigation application. Fig. 3
illustrates the first iterations of MCL Algorithm 2 on the
ETHZ dataset. Since the initial pose is unknown, we spread
1000 particles uniformly over the considered city area. Based
on the evaluation of synthesized depth images and odometry
(raw odometry is shown in dashed grey, ground truth in
dotted black), the particle set converges to the ground truth
position.
The resulting trajectory of the single particle with the
highest accumulated weight for the whole sequence of this
dataset and the corresponding experiments on the other
datasets can be seen in Fig. 6. On all datasets, the comparison
of the visual images to synthesized depth images can significantly contribute to the localization. Without adjusting the
particle orientation based on the best α-orientation (line 19 in
Algorithm 2), the number of particles has to be increased to
about 4000 for the ETHZ dataset to resemble similar results

in this experiment.
Fig. 7 provides a quantitative evaluation of the above
experiments. The mean distance of the particles to the ground
truth pose quickly decreases after random initialization. The
increase of the mean particle distance and variance at the
end of the ETHZ trajectory is due to a slight slope of
the ground. This causes the z-coordinate of the camera to
increase, but is not regarded during depth image synthesis.
Although the distance of the particle with the actually highest
weight (green curve) can considerably differ from the ground
truth pose, in almost all cases, there is a particle very close to
the ground truth pose (red curve). The trajectories in Fig. 6
illustrate that reasonable path estimates can be obtained from
particles with high accumulated weights over several MCL
iterations.
Fig. 8 illustrates a proof-of-concept experiment for the
application on path following. The robot moves along the
red trajectory and successfully estimates the motion direction
towards a nearby green target trajectory based on synthesized
depth images as described in section III-D.

TABLE I
PARAMETER SETTINGS
Parameter
# particles
λ
α
Max. Image distance for cache
Vertical FOV
Ψ
d

ETHZ
1000
20
each 10o
0.5 m
85o
each 22.5o
{0m, 1m, 2m}

Lab
same
same
same
0.25 m
51o

Corridor
same
same
same
same
same

V. DISCUSSION
We described how synthesized depth images can be used
in combination with a Monte Carlo approach to localize a
robot that is equipped with a panoramic visual camera. Solely
3D information is used from the map, neither colour nor
laser intensity information are required. Dependent on their
availability (i.e., the source of the 3D map) the combination
with such additional information is, of course, interesting.

same approach could be used to integrate standard FOV
visual cameras instead of panoramic cameras.
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