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Fig. 5. (a) Local adjustment around a loop closure event. Left image is before a loop closure, and only five recent keyframes are
active. Right is after the loop closure where additional fixed frames are included in the embedding. (b) Direct application of SBA on an
embedding of Figure 9 without global adjustment. Note that the result is not accurate due to large misalignments in the embedded map.
(c) The first two iterations of the proposed global adjustment on the same input map as (b) are shown. The first and third images with
various colors show the segmentation after segment-wise optimization, and the second and fourth show the global segment optimization
result. Note that it converges reasonably well even after the first iteration. For all result images, gray is fixed keyframes, black and red are
active keyframes before and after the optimization respectively. Only keyframes are shown for presentational clarity, but all associated
landmarks are used in optimizations.

C++ libraries). All experiments are run on a single lap-
top computer with a quad-core 2.66 GHz Core i7 CPU
and a GeForce 330M GPU. Multi-threaded system mod-
ules and GPU-accelerated low-level image processing
routines make the system fully exploit the available compu-
tational resources. The input frames from the recorded test
sequences are provided to the system at 20 fps, which is 30–
60% faster than the original frame rates (12–15 fps). The
scene flow module is able to process them in real-time (50
ms including the idle time as seen in Table 1). The location
recognition and local adjustment also run without any delay
most of times. The global adjustment module slows down as
more keyframes and landmarks are added to the system, but
still each iteration runs within 10 seconds in the worst cases
at the end of the sequences. The statistics of each module’s
running time is shown in Table 1, and the modules’ actual
time consumption can be seen in the timing charts in the
figures. For full details on the system’s performance, please
see the videos in Extensions 1–8.

First we show the result of the experiment with known
ground-truth data (Figure 6). We collected a video sequence
from a stereo camera mounted on a micro-aerial vehicle

Table 1. Average running times (ms) of the modules for each
sequence are shown with the total number of executions.

Robot Cart-outdoor Cart-indoor

Scene flow 4910 × 50.00 4, 910 × 52.00 6, 900 × 52.00
Location
recognition 439 × 115.49 440 × 105.74 636 × 158.63
Local
adjustment 437 × 65.87 430 × 136.95 635 × 76.38
Global
adjustment 46 × 2252.81 43 × 3501.67 61 × 3836.65

PIXHAWK (Fraundorfer et al. 2012) which was moved by
hand in a simulated city environment. A Vicon motion cap-
ture system is used to generate the ground-truth 6-DOF
pose data of the vehicle synchronized with captured video
frames. To calibrate the Vicon’s coordinates to the visual
SLAM’s global coordinates, we ran one-time offline opti-
mization on a global 3D similarity transform (rotation,
translation and scale) between two systems. The snapshot
of the environment map was captured when each keyframe
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Keyframe number 50 100 150 200 250 297 Global adjustment
Proposed 0.01927 0.01989 0.02117 0.02313 0.02106 0.02267 0.01883
SBA 0.01940 0.01995 0.01878 n.c. 0.01743 0.01883

(d)

Fig. 6. The experimental results with ground-truth data and comparison with SBA. A Vicon motion capture system was used to generate
the ground-truth pose of the hand-carried MAV with a stereo rig. (a) Screen capture of the system. (b) Computed vehicle poses (blue)
overlaid on top of the ground-truth data (red). (c) The blue dots represent the 3D positional error values of the map compared with
the ground-truth map along the execution. The green dotted lines represent the moments when the global adjustment updated the map,
and the gray dashed lines show when loop-closures happened. For comparison, the error values from off-line SBA runs at the specific
keyframes are shown as the red circles (see the table in (d)). (d) The average deviation from the ground truth positions of the keyframes
(in meters, shown as red circles in (c)). The proposed system executed a few runs of global adjustment steps after the input sequence
was over, and the final error value is showed at the last column. SBA at keyframe 200 did not converge (until 100 iterations).

was added, and the camera poses in the map were aligned to
the ground-truth positions by estimating the best global 3D
rigid transformation (rotation and translation). The average
distance between the keyframe’s positions in the map and
in the ground-truth data is used as the error metric, and the
result is shown in Figure 6(c). The blue dot represents the
error value of each map snapshot at the keyframe in meters.
The loop closure events are shown as gray dashed lines,
and green dotted lines show when the global adjustment
step updated the map. When the first loop closure happened
around keyframe 140, the error value increased temporarily
but it is fixed when the global adjustment updated the map
at keyframe 150. This pattern was repeated when the loop
closures occurred afterwards, but as more loops were added
to the map, the increase in error became smaller. After the
input video sequence is over, the system ran five more itera-
tions of global adjustment, and the final map (blue) is shown

in Figure 6(b), overlaid on the ground truth pose (red).
In the lower-left corner there are a few incorrect ground-
truth poses since the vehicle were located close to Vicon’s
range limit. Overall the error is very small throughout the
sequence: about 3 cm for 5 m × 5 m space.

We compare the result from the proposed system with
the SBA algorithm. At every 50 keyframes and the last
keyframe, the snapshot of the map is optimized offline using
SBA, and the error values of the updated map are shown in
the table (Figure 6(d)) and marked with the red circles in
Figure 6(c). There is little difference in error values when
there is no loop in the map (keyframe 50 and 100). When
loops are in the map, the proposed system shows slightly
higher error than those from SBA. (SBA with the map at
keyframe 200 did not converge, so it is not shown in the
figure.) When the sequence is over and the global adjust-
ment is done, there is no difference between the map from
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(a)

(b)

Fig. 7. The reconstructed environment map and timing chart
from the sequence recorded from a stereo camera on a walking
humanoid robot. (a) Reconstructed environment map embedded
from the current location, together with the results from global and
local adjustment. (b) Timing information of the modules. Refer to
the text for further details.

SBA and the map from the proposed method. This shows
that repeated applications of global adjustment can perform
essentially as good as offline SBA.

In Figures 7–9, the top images (marked as (a)) visualize
the reconstructed environment map together with the results
of global adjustment and local adjustment at the moment.
The large map (left-bottom corner) directly under the video
frame represents the embedding with respect to the current
location (size of the finest grid = 2 m × 2 m). In the right-
bottom corner (right of the large map), the segmentation
and optimization result from global adjustment is shown.
In addition, the local adjustment result is displayed in the
right-hand side of the video frame to visualize the active
and static keyframe sets. In the global and local adjustment
results, only keyframes are displayed, and they are marked
in different colors per their types: red (before convergence),
black (after convergence), and light gray (fixed keyframes).

The bottom images (b) in Figures 7–9 are the timing
charts for the sequences. Three rows visualize the time con-
sumed by each module (except the scene flow module that
runs constantly). One pixel in the chart corresponds to 20
ms and one column is 1 second. In global adjustment row,
magenta represents within-segment optimization and black

(a)

(b)

Fig. 8. The reconstructed environment map and timing chart from
the sequence recorded from a stereo camera mounted on an elec-
tric cart running outside of a building. (a) Reconstructed environ-
ment map embedded from the current location, together with the
results from global and local adjustment. (b) Timing information
of the modules.

is for global segment optimization. We let the global adjust-
ment run five more iterations after the input sequence ends
to allow the system generate the final environment map. The
main purpose of the timing charts is to see whether the mod-
ules are processing the incoming keyframes instantly, or the
processing is delayed and the new keyframes are waiting
in the queue. In all three experiments, the location recogni-
tion and local adjustment runs without delay throughout the
sequences, and the global adjustment gets delayed as more
keyframes and landmarks are added to the map, but it still
runs reasonably fast.

The first sequence (Figure 7) is from a humanoid robot
walking in a large building. Owing to the nature of bipedal
locomotion and independent head motions, the camera
experiences shaking, vibrations, and full 6-DOF motion,
but the system was able to robustly track the features in
the scene and recover the 3D camera trajectory. In the test
sequence there is a corridor with very few features, in which
case the motion estimation becomes inaccurate. Despite this
locally decreasing accuracy is global adjustment able to
deliver the global geometry correctly.

In addition, we present results of a second indoor scene
and an outdoor sequence taken from a moving electric cart.
The cart-outdoor sequence (Figure 8) contains a long travel
around a building, and the accumulated motion estimation
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(a)

(b)

Fig. 9. The reconstructed environment map and timing chart
from the sequence recorded from a stereo camera mounted on an
electric cart running in an office environment. (a) Reconstructed
environment map embedded from the current location, together
with the results from global and local adjustment. (b) Timing
information of the modules.

error is corrected when loops are detected. The cart-indoor
sequence (Figure 9) is also very interesting since the dis-
tance to the landmarks ranges from very close to far, as
well as the sequence contains a large number of loops.
Traditional metric mapping methods have difficulties when
many loop closures occur within a short time, since there
is not enough time to update the map before the next loop
closes. Our proposed method keeps the local geometry in
the map to be metric and correct all of the time, whereas
the global metric property is improved as global adjustment
progresses.

We also mounted the wider-baseline stereo system on
a car and tested the system in many challenging environ-
ments. In Figures 10–13, each grid represents 20 m × 20
m. Like previous sequences the three embedded maps are
shown in each figure, but in some figures the global and
local embeddings are outside of the viewport due to the
large size of the map.

First we present a sequence with a very large loop in
downtown streets.Figure 10(a) and (b) shows the maps just
before and after the loop detection. Owing to the topolog-
ical nature of the map, the loop closure happens instantly
and the embedding shows the correct and accurate local
geometry around the current location. Figure 10(c) shows
the embedded map from the first global adjustment after
the loop detection. The metric inconsistency which cause

an large opening in the bottom part of the map is corrected
from the global adjustment. Figure 10(d) shows the cam-
era trajectory which clearly shows that the car is driving in
a different lane from the previous run, which verifies the
accuracy and effectiveness of the proposed method.

The next test sequence is recorded in a parking lot of a
mall. In this sequence many dynamic objects such as pedes-
trians and other vehicles appears in the test sequence (Fig-
ure 11(a)). Since the features from those objects are not the
majority compared with the features from the static scene,
the RANSAC process in the scene flow module is able to
filter the independently moving features and compute the
ego-motion. Figure 11(b) shows that the overall drift of the
system is minimal (note that no loop is detected in this
sequence), given that the car’s trajectory is fairly complex
and the features move quite fast in video due to the short
distance to the scene.

Another test sequence was taken while we drove the car
for a long distance (∼2.3 km) in normal speeds (30–40 km
h−1) in urban streets. The system was able to estimate the
car’s trajectory and the environment map without any prob-
lem or delay. We show the reconstructed trajectories from
the two sequences overlaid on the satellite images of streets
in Figure 4.

Finally we show one test sequence with partial failures.
We drove the car on a highway at 60–80 km h−1, where
there are overpasses, ramps, and many other cars running
by. Owing to the lack of large surrounding objects such
as buildings or tall trees, the overall number of tracked
features are far less than the urban sequences. Moreover
the overpasses create very strong illumination changes,
which wipes out most features in the scene. When it went
under the overpass, the system missed a few keyframes, but
quickly resumed processing the following keyframes. How-
ever, when the car is on a ramp, there were a few other cars
with high textures on the road, and the scene flow module
was tracking the features from the cars instead of those from
the static background. This caused the estimated motion to
be the relative motion to the nearby cars instead of its true
motion. Other than these moments, the system was able to
successfully process most of the sequence. Note that the
illumination changes can be handled by a gain-adaptive fea-
ture tracker (Zach et al. 2008), and the motion outliers can
be rejected systematically by incorporating other sources of
information such as a wheel odometer or a GPS.

6. Discussion and future work

In this paper we have presented a novel method that bridges
the topological map representation and the metric prop-
erty in Euclidean maps. While keeping the benefit of an
efficient representation of the topological maps that allows
instant loop closing, the proposed method tries to enforce
the metric property locally and over the entire map. As a
result, the system is able to maintain the nearby keyframes
and landmarks around the current location always accurate
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(b)(a)

(d)(c)

Fig. 10. The snapshots from a car sequence ‘Castro St.’. (a), (b) The first loop closure occurs when the car merges into the street that it
has driven before. Note the embedded map shows the broken link at the farthest location from the current position. (c) After the global
adjustment is done, the global metric consistency is recovered and the embedded map shows a smooth loop. (d) As the car drives the
same street, small loop closures repeatedly occurs. From the zoomed-in view, one can see that the car is driving a different lane from
the previous run.

(b)(a)

Fig. 11. The snapshots from a car sequence ‘Parking Lot’. (a) The features from moving objects (a pedestrian and a truck) are regarded
as outliers in the RANSAC process, and not included in the map. (b) After a loop in a parking lot, the car’s location is quite accurately
estimated even though the loop closure from feature matches did not occur.

and metrically correct. The global map is also optimized
to model the environment correctly while maintaining the
metric property, and the proposed segment-based iterative
optimization is used for efficiency and robustness in global
map update.

One interesting future direction is to keep the number of
keyframes and landmarks to a manageable size by merg-
ing or trimming redundant map entries when the robot stays
in or visits the same place many times. This would allow
the map size to be proportional to the size of the space and
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(a)

(b)

Fig. 12. The environment maps are overlaid on top of the aerial photos from Google Earth. The global location, rotation, and scale of
the map plots are manually adjusted to the aerial photos. The results show very high accuracy in spite of the long distances travelled.
(a) Castro St. (b) Middlefield Rd.

(b)(a)

(d)(c)

Fig. 13. The snapshots from a car sequence ‘Highway 101’ (a) The car drives at a high speed of about 80 km h−1 in an urban highway,
but the system can successfully conduct mapping and localization most of the time. (b) Owing to sudden illumination condition changes,
the feature tracker was not able to track enough features. (c) Excessive amount of false feature matches made the global adjust converge
to a wrong pose. (d) Feature tracker latches on the highly textured cars nearby, and the localizer fails to estimate correct ego-motion.
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not to the time spent in the space. Also it would be inter-
esting to see whether we can perform the global adjustment
more efficiently by hierarchically segmenting the keyframes
and skipping unnecessary within-segment optimizations for
static segments.

Note

1. Note that if there is no loop in the graph, there will be no
violation of the metric property at all.
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Appendix: Index to Multimedia Extensions

The multimedia extension page is found at
http://www.ijrr.org

Table of Multimedia Extensions

Extension Type Description

1 Video The sequence shown in Figure 7.
2 Video The sequence shown in Figure 8.
3 Video The sequence shown in Figure 9.
4 Video The sequence shown in Figures 10 and

12(a)
5 Video The sequence shown in Figure 11.
6 Video The sequence shown in Figure 12(b).
7 Video The sequence shown in Figure 13.
8 Video The sequence shown in Figure 6.




