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Figure 5: Image sequences are searched by finding the lowest-
cost (dark blue) straight-line segment across recent image
difference vectors over a varied search angle, ¢. For clarity,
only one sequence starting point is shown.

A vector, S, is then formed with the lowest cost
trajectory for each template, and sequences are rejected
or accepted by applying a threshold to their costs.

The straight-line search process makes the
assumption that the second traversal of a route is
performed at a speed proportional to the first, with
negligible acceleration along each sequence. These
assumptions obviously do not hold true in
environments where there is significant speed variation
(such as in busy city streets), leading to poor
performance. SMART performs template learning and
querying in consistent distance intervals, constraining
the search space within M to approximately 45°
straight lines. In addition to speeding up the search, this
eliminates ambiguities when searching for image
matches, as shown in Figure 6.

Figure 6: Video comparison matrices, without (left) and with
(right) odometry information. Each pixel represents the
difference score of a compared frame pair, with weak to strong
matches from red to blue. The sequence searching process is
constrained to a straight line, increasing computation speed and
reducing the potential for spurious matches.

4 Experimental Setup

In this section, we describe the equipment, testing
environment, ground truth analysis, dataset pre-
processing and parameter studies.

4.1 Equipment

All video footage was recorded using a GoPro Hero3
Black Edition camera. The camera was mounted to the
dashboard of an unmodified car, facing through its

front windscreen. The GoPro camera has a wide field
of view (approximately 170 degrees) due to its short
focal length of 2.77 mm (15 mm full-frame
equivalent).

Odometry information was collected using an
OBDPro USB Scantool connected to the car’s OBDII
interface. Data were logged into a comma-separated
values file as timestamps and speeds on a standard
laptop computer. The experimental setup is shown in
Figure 7. This odometry information is available on
most modern vehicles.

Figure 7: The GoPro camera was affixed to the vehicle’s
dashboard, facing through the front windscreen (top-left,
bottom). An OBDPro was used as an interface between the
vehicle’s OBDII port and the laptop computer (top-right).

4.2 Dataset

The dataset consisted of two driving journeys through
the busy streets of Surfers Paradise on the Gold Coast
in Australia (Figure 8). One traversal was done during
the day with intermittent rain in overcast conditions,
and the other was performed at night time in clear
weather. Both traversals were done in peak traffic, with
considerable speed variation and significant amounts of
stopping and starting. The speed variation within a
single journey and the speed inconsistencies between
journeys at corresponding places was much more
significant than in the original SeqSLAM datasets
[Milford and Wyeth, 2012]. Each journey was 3.5 km
long, taking approximately 15 minutes for the night
traversal and 20 minutes for the day traversal. This
dataset posed many challenges in perceptual change as
the environmental illumination transitioned from
uniform and natural to bright, artificial and colourful.
Video datasets are available from
https://wiki.qut.edu.au/display/cyphy/Michael+
Milford+Datasets+and+Downloads
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Figure 8: Map of Surfers Paradise dataset, showing camera
path. Source: Google Maps. Note the U-turn in the north-most
part of the dataset, which was necessary for street access with
road closures during dataset acquisition.

4.3 Ground Truth

As sufficiently accurate GPS was not available when
gathering the dataset, manual frame correspondences
were made to assess frame-matching performance.
Approximately 200 exact frame correspondences were
marked, with linear interpolation used to generate in-
between correspondences. The manually selected frame
pairs can be considered correct to within 1 frame,
corresponding to a distance of approximately 1 metre.

4.4 Data Pre-Processing

The original videos were recorded at a resolution of
1920 by 1440 pixels at frequencies of 30 and 24 frames
per second for day and night, respectively. The night
video was recorded at a lower frame rate to enable a
longer exposure time (approximately 1/48th of a
second). A rectangular crop was then performed to
remove visible internal areas of the car, and both
videos were converted to 480 by 200 pixels at 30
frames per second as working copies.

For the tests with sky blackening, a MATLAB®
script was used to automatically generate the image
masks, perform thresholding and save the modified
daytime video file. Patch-normalisation (Figure 9) was
applied as a final processing step to every frame of
both traversals.

The video files were synchronised to their
corresponding OBD logging files, which were used to
generate lists of frame numbers with 1-metre
separations as inputs to SMART. For the non-odometry
tests, frame lists were generated with fixed frame
subsampling to give approximately the same total
frame count as in the odometry case.

Figure 9: Conversion of a frame from the Surfers Paradise
dataset to a resolution-reduced, patch-normalised image.

4.5 Studies and Parameters

To evaluate the performance of SMART, the following
scenarios were tested:

Classic SeqSLAM

Sky blackening and 1-pixel offset matching in

each direction

3.  Odometry only

4. Odometry and the top 25% of each frame
cropped out

5. Odometry and the top 50% of each frame
cropped out

6. Odometry and the top 75% of each frame
cropped out

7. Odometry and sky blackening

8. Odometry, sky blackening and 1-pixel offset
matching in each direction

9. Odometry, sky blackening and 2-pixel offset

matching in each direction

N =

Scenario 1 acts as a benchmark, demonstrating how the
original SeqSLAM performs on our -challenging
dataset. Scenario 2 was designed to demonstrate the
best possible result without including odometry.
Scenario 3 tests odometry integration without the new
image comparison techniques. Scenarios 4-7 compare
the effectiveness of the sky blackening technique to
simply cropping out part or all of the image regions
containing sky. Finally, scenarios 8 and 9 were used to
test the performance effects of the image offsetting.

A sequence length of d; = 30 was used in all cases,
which corresponds to 30 metres in the odometry
scenarios — a reasonable real-world sequence length,
and an order of magnitude shorter than those used in
the original SeqSLAM studies [Milford and Wyeth,
2012]. This sequence length corresponds to anywhere
from 0 to 255 metres in the non-odometry scenarios
when vehicle speed, camera frame rate and frame
learning rate are taken into account. The search was
constrained to angles of 40°, 45° and 50° — further
intermediate angles make little performance difference
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due to the short sequence length. Table 1 shows the
parameters for each of the testing scenarios.

TABLEI
PARAMETER LIST
Parameter Value Description
Reduced image
R.R, 64,32 size (scenarios 1-
3,7-9)
R.R, 64,24 Reduced image
size (scenario 4)
R.R, 64.16 Reduced image
size (scenario 5)
R.R, 64.8 Reduced image
size (scenario 6)
Frame learning
Sump 15 frames rate (scenario 1-
2)
Frame learning
Jaist 1 metre rate (scenarios 3-
9)
Neighbourhood
80 templates length
dy 30 frames Sequence length
P 8x8 pixels Patch size
Maximum shift
X1, X&, V1, VB 1,1,1,1 offsets (scenarios
2 and 8)
Maximum shift
X1, X&, V1, VB 2,222 offsets (scenario
9)
é [40°, 45°, 50°] Trajectory search
angles

4.6 Speed Variation

To test the sensitivity of SMART, we started with
optimal settings (scenario 8) and artificially
downgraded the quality of the odometry signal. Each
velocity value in the query traversal was increased by a
given percentage to simulate scale error from 10% to
50% in steps of 10%.

5 Results

In this section, we present the speed variation results,
the sequence matching performance over all testing
scenarios and the performance with degraded
odometry. A video accompaniment to this paper
demonstrates the methodology and results.

5.1 Speed Variation

To illustrate the significant speed variation within and
between each traversal of the Surfers Paradise dataset,
we present the graph seen in Figure 10. These
variations were caused by occasional bumper-to-
bumper traffic, roadwork and traffic light stoppages.
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Figure 10: Plot of the vehicle’s speed as a function of position
along the day (blue) and night time (black) traversals of the
dataset. The dotted red line shows the speed profile of the night
time traversal in the presence of 50% error. Note the large
number of stops and starts due to busy traffic.

5.2 Sequence Matching Performance

Figure 11 shows example image correspondences
equally distributed along a sequence of the dataset. For
ease of visualisation, the original images are shown,
rather than the pre-processed, resolution-reduced,
patch-normalised versions that SMART uses.

Database Frames

Query Frames

Figure 11: Example images equally-spaced along a sequence of
the Surfers Paradise dataset. The centre image pair (outlined in
red) is the reported match from this sequence.

Precision-recall curves were generated by varying the
sequence cost threshold and comparing the midpoints
of the accepted sequences to ground truth. Reported
matches were deemed correct if they were within 10
metres of ground truth — a reasonable figure for a road-
based navigation system. The 10-metre threshold is
also comparable to or significantly smaller than that
used in previous studies (e.g. 40-metre threshold in
[Cummins and Newman, 2009; Milford and Wyeth,
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2012; Milford, et al., 2013]). Note that achieving 100%
recall is impossible, as the first and last d/2 frames do
not form part of complete sequences. Precision refers
to the proportion of returned sequence midpoints that
were correct, and recall refers to the proportion of
correct sequence midpoints (out of all possible correct
frame matches) that were returned.

Figure 12 shows the performance of image
matching on the Surfers Paradise dataset under the
varying parameters. The best result yielded 80.72%
recall at 100% precision with odometry, sky
blackening and image offsetting of up to 1 pixel in both
the horizontal and vertical directions (see Table 2).
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Figure 12: Precision-Recall performance for all testing
scenarios (top) and close-up of scenarios 7-9 (bottom). Note the
poor performance of the original SeqSLAM algorithm shown in
the bottom-left corner of the full graph (scenario 1).

TABLE II
SCENARIO TESTING RESULTS

Best Recall at 100%
Precision

Scenario

16.97%

01.10%
26.60%
04.68%
75.45%
80.72%
79.79%

O 01 N A WN—

Scenarios 1 and 3 performed matching using entire
images without sky blackening, and each achieved less
than 1% recall at any level of precision. The integration

of odometry in scenario 3 had a negligible effect on
recall and only increased best-case precision to 20%.
Thus, odometry on its own does not radically improve
performance if individual image matching is poor to
begin with.

The presence of sky regions drastically reduced
matching performance due to their lack of information
content. Attempting to crop out these regions without
significantly removing ground objects (scenario 4) did
not significantly address this problem, nor did
removing the majority of sky regions at the expense of
some ground regions (scenario 6). The compromise of
a 50% sky crop in scenario 5 was found to be optimal.

The pre-processing step of sky blackening in the
daytime traversal (scenario 7) made the most
significant performance improvement, increasing recall
by almost 50% when used in lieu of simply cropping
out the top half of the image. This can be attributed to
the relatively large information content of buildings
and ground objects at varying heights — all of which
were preserved with this technique, while preventing
sky regions from diluting the matching scores.

Image matching at varying offsets was shown to
have the least significant performance improvement
(approximately 5% increase at up to 1-pixel shifting),
but we attribute this to the relatively repeated pose of
the dataset (same lane and camera position between
traversals). The small drop in performance from
increasing the allowable offset to 2 pixels was most
likely caused by visual aliasing — erroneously
strengthening matches between dissimilar images. We
expect the image offsetting process to provide a greater
performance contribution on datasets with larger lateral
pose variations, such as between lanes on a road.

To wvisualise the spread of correct sequence
matches, recalled frames for scenario 5 at 100%
precision were overlayed on the ground truth line
(Figure 13). The areas lacking sequence matches
generally were found on longer stretches of road with
less scenic change (aliased environments, common
distal features).
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Figure 13: Ground truth plot of Surfers Paradise for the best-
performance case (80.72% recall at 100% precision). The
absence of matches at the start and end of the dataset is due to
those frames not forming part of complete sequences. Note that
the ground truth line is not straight due to imperfect odometry.
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5.3 Error Performance

Figure 14 and Table 3 show the performance impact of
introducing scale error to the odometry signal on the
night time traversal.
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Figure 14: Precision-Recall performance with a scale error
applied to each velocity timestamp of the query traversal.

TABLE III
ERROR PERFORMANCE
Error on Night Best Recall at 100%
Odometry Precision
None 80.72%
+10% 82.39%
+20% 76.66%
+30% 63.64%
+40% 57.60%
+50% 40.75%

As expected, matching performance degraded as the
introduced error increased, but performance was still
good (41% recall at 100% precision) even with the
large 50% odometry error. Surprisingly, there was a
small performance improvement in the presence of
10% error. While we cannot conclusively explain this
apparent outlier, we attribute it to the fact that
increasing the query velocity causes sequence lines to
flatten out. A 10% error on ideal odometry corresponds
to a search angle of approximately 42° — a value still
within our search range. Observation of the reported
sequences indicated that this small error pushed a
higher proportion of false sequences out of the search
range than true sequences. It is also worth noting that a
20% error corresponds to a sequence angle of
approximately 40° (within the search range), thus the
performance decrease at this error level was relatively
minor.

Although not presented here, we also tested a
range of scenarios with uniform random noise up to
50% without significantly affecting performance.

6 Discussion and Future Work

The results presented in this paper demonstrate how
adding a velocity signal, even a significantly degraded
one, results in large improvements in the precision-
recall performance, spatial accuracy, latency and hence
general applicability of the SeqSLAM algorithm.
SMART worked successfully in a challenging
environment with a short sequence length of 30 frames

— an order of magnitude less than the sequence length
of 320 previously demonstrated with SeqSLAM. This
short sequence length proved -effective over the
majority of the dataset, except in bland areas prone to
aliasing, such as longer road sections with common
horizons. One possible solution would be to
automatically lengthen the search sequence based on
criteria such as trajectory cost or trajectory uniqueness
— an avenue we are currently investigating.

Performance remained strong even in the presence
of significant (up to 50%) error introduced to the
odometry data. Thus, even a poor odometry signal
provides a marked benefit to image matching over no
odometry signal at all (40.75% recall compared to
16.97%).

In addition to using odometry to linearise search
trajectories (as presented in this paper), future work
could use a characterisation of the odometry source
quality to appropriately shape the search space and
improve search speed. For example, if odometry
information is deemed to be correct within 10%, and
the camera has travelled a reported 10 metres forward
since the last sequence match, the current query frame
should match to a database frame between 9 and 11
metres since the last known location. Dead reckoning
using odometry could also be used between sequence
matches to update the current location estimate until
the next match.

While saved frames are small (approximately 2 kB
per template), the total data requirement becomes
sizeable when entire road networks are considered.
Large-scale storage concerns have been previously
discussed, but go beyond the scope of the paper.
Instead, we refer the reader to [Milford, 2013].

With a fixed database size, there is no
computational growth in comparing each queried
image to the database, and real-time computation has
been calculated to be feasible within a large city
[Milford, 2013] (a slower initial global localisation
phase is required if prior spatial context is not used and
the system has to localise globally). Our method for
incorporating odometry to constrain the search space
offers significant speed advantages, likely enabling
rapid initial localisation in larger environments, such as
a small country.

In future, we will continue to develop SMART as
a place recognition module for real-time navigation
systems. Odometry is widely available on modern road
vehicles making deployment relatively straightforward
on those platforms. The ability of the system to
function well even with significantly degraded
odometry is a promising sign for deployment on other
platforms such as humans, where only alternative
sources of motion information, such as visual odometry
or human step counting methods are available.
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