
�L�:�V�E= 1 ���A�E= 0 �; = 0  and �L�:�V�E= 0 ���A�E= 1 �; = 0.61 , and 
the probability of a new location �L�:�.�J�A�S���:

�G
F1�; = 0.9. 
The interface between FAB-MAP and RatSLAM takes 

the form of equating FAB-MAP locations Li with 
RatSLAM visual templates Vi, and calculating an 
appropriate injection value a

i
. Since RatSLAM does not 

require probabilistic inputs, the probabilistic match pi 
generated by FAB-MAP can be ‘smoothed’ to provide 
finite injection even at low probabilities: 

 �=�E=
1

1 
F ln
k�L�:�8�E���: �G�;
o
 (18)  

The choice of the visual calibration constant δ proved 
critical to the success or failure of the visual data 
association system. If this constant was too high, the 
system would instantly relocalise to any spurious match 
returned by FAB-MAP, and conversely too low a value 
would cause a failure to successfully close loops under 
difficult perceptual matching conditions. A value of 0.05 
was found to provide no false positive experience map loop 
closures, while ensuring sufficient injection to perform 
loop closures from partial FAB-MAP matches. 

Pose Cell Configuration  

The pose cell network was tuned as in [Milford and Wyeth, 
2008], as this set of parameters has provided consistently 
good results in previous RatSLAM experiments. To reduce 
the chance of perceptual aliasing due to hash collisions in 
pose cell space [Milford, et al., 2006], the size of the 
network was increased to 60 x 60 x 36 cells, each cell 
representing a 10m x 10m x 10 degree location. 

Experience Mapping 

Since this algorithm was not required to run in real-time, 
the timing constraints on experience map corrections were 
relaxed. For each iteration of the algorithm the experience 
map correction was applied 25 times, with the correction 
constant α equal to 0.5. 

5 Results 

The following section details a number of results from 
applying the hybrid FAB-MAP-RatSLAM algorithm to the 
St Lucia dataset in different configurations, as well as 
comparisons to the original RatSLAM-only results.  

5.1 FAB-MAP-Only Results 

Figure 3 (a) shows the experience map obtained for the 
entire dataset overlaid with colour-coded FAB-MAP 
connections. For every section of road that was repeatedly 
driven along, FAB-MAP returns significant numbers of 
correct matches with p > 0.99 (shown in green). However, 
there are also 4 false positives with p > 0.99 in various 
locations along the map, as shown by red markers with a 
connecting line indicating which positions have matched. 

Figure 3 (b) and (c) show detail of the two false 
positives at locations L1 and L2. FAB-MAP has assigned a 
probability of greater than 99.8% that these pairs of frames 
have originated from the same location, however upon 
inspection the images are clearly from different parts of the 
map. In Figure 3 (b) FAB-MAP has matched the 
distinctive pattern on the pedestrian crossing to the same 
pattern on the following speed-bump. As these are the only 
two occurrences of this particular pattern in the entire 

dataset, the Chow-Liu dependency tree ranks them highly 
as unique identifiers of a particular place. The cause of the 
false match in Figure 3 (c) is somewhat more difficult to 
observe, but the particular combination of buildings, street 
lamps and clouds caused FAB-MAP to assign a high 
probability of the two images matching to the same 
location. 

Figure 3 (d) presents two images from location L3 
(with approximately an hour time difference) that 
FAB-MAP assigned a very low probability of matching. 
To a human observer the match is apparent; however due 
to the somewhat different lighting conditions and 
prevalence of foliage and trees in the image (which are 
very common throughout the dataset and thus have a low 
probability of causing a match) no frames along this 

Figure 3 – FAB-MAP results on St Lucia dataset. (a) shows the 
FAB-MAP connection diagram for p> 0.99, with true positives shown in 

green and false positives in red. (b) and (c) show video frames that 

FAB-MAP falsely identified as matching, while (d) shows frames that 
FAB-MAP did not match. 
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section of road were correctly matched. While false 
negatives are difficult to quantitatively measure in a 
semi-metric system, they were reasonably common in this 
dataset and were the primary cause of the experience map 
distortion (as discussed in the following sections). 

These results indicate that while FAB-MAP alone can 
map the St Lucia dataset in the space of appearance with a 
very low error rate, it is still not sufficient as the sole 
method of data association for this application, due to the 
false positives and negatives still present in the final result. 

5.2 Template Generation 

Figure 4 (a) and (b) show the results of both the 
RatSLAM-only template matching system and the 
template list generated by FAB-MAP. While RatSLAM 
produces approximately 13000 distinct visual templates, 
the method implemented to create new FAB-MAP 
templates only generates half as many. However, the 
correct matches obtained by FAB-MAP tend to be 
stronger, and fewer partial matches are generated. 

While the RatSLAM-only template matching system 
had to be carefully tuned to provide acceptable results, the 
FAB-MAP method of automatically generating new 
templates required almost no parameter tuning to provide 
good results. Attempts to manually introduce a threshold or 
create a new template with every video frame (as in 

[Cummins and Newman, 2008b]) generated greater 
numbers of false positives in this experiment. However, 
since FAB-MAP generates half as many templates each 
visual location is approximately twice the size, which leads 
to weaker loop closures (as the strength of a loop closure is 
only dependent on the number of local experience map 
links).  

Due to changing illumination levels throughout the 
day and the inability of the RatSLAM-only visual template 
system to incorporate differing visual representations of 
the same place (as a template is never modified after it has 
been created), the matches become progressively weaker 
with increased time, as evidenced in the latter part of 
Figure 4 (a). In contrast, the FAB-MAP based system 
consistently returns strong matches throughout the entire 
dataset, even though it too does not modify visual 
templates to accommodate for scene changes. Although 
false negatives are still produced, this is only when the 
scene does not contain sufficiently unique features (as in 
Figure 3 (d)). 

5.3 Experience Map Generation 

Figure 4 (c) shows the experience map generated by the 
RatSLAM-only system and (d) the hybrid 
FAB-MAP-RatSLAM system developed in this paper. 
While both maps are topologically correct, the map 

Figure 4 - Comparison between visual template match graphs and experience maps for RatSLAM and the FAB-MAP-RatSLAM hybrid. (a) and (b) graph 

template matches ai against the current frame number for all 60,000 frames in the video, with stronger matches represented by darker points in the plot. (c) 
and (d) show the two experience maps generated.   

     

 

(a) (b) 

(c) (d) 

RatSLAM FAB-MAP 
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generated by the original RatSLAM-only system more 
accurately reflects the route taken in Figure 2. The 
FAB-MAP-based system fails to capture many of the finer 
details of the route, particularly in the lower left-hand 
corner of the map. Additionally, there are multiple 
locations such as (-750,-1750) where FAB-MAP failed to 
relocalise and thus multiple representations of the same 
route exist in the experience map.  

Although the primary cause of the experience map 
degradation is the number of false negatives returned by 
FAB-MAP, the pose filtering properties of RatSLAM and 
the injection mapping in equation 18 served to reduce their 
influence on the final map. While FAB-MAP did not 
produce any correct relocalisations with p > 0.99 along the 
southmost section of road at (-750, -1750), it produced 
many partial matches. These partial matches caused a 
continuous set of injection into the pose cell network, 
allowing it to build up a hypothesis over time until a correct 
loop closure was made at (-250, -1500). 

6 Conclusions 

The results presented in this paper have demonstrated a 
successful combination of a FAB-MAP based visual data 
association scheme with the pose filtering properties of 
RatSLAM. Using this combined algorithm, the entire 
suburb of St Lucia was mapped using a semi-metric 
method. 

Given the size of the dataset and the narrow field of 
view of the camera, FAB-MAP has produced very few 
false positives, which generally cause catastrophic failure 
for SLAM systems. While [Cummins and Newman, 2009] 
demonstrated successful mapping of a dataset of 
approximately equal scale with zero false positives, the 
dataset presented here has significantly more inner loops of 
varying size, and was captured using only a low-cost 
forward-facing webcam.  

By replacing the intensity-based visual data with 
FAB-MAP, some independence from illumination changes 
and dynamic scenes was gained. However, while this 
improved performance when matching to unique 
environments over large periods of time, it generated false 
negatives in other locations which did not contain 
sufficiently unique features. In contrast, although the 
scanline-intensity based method used in [Milford and 
Wyeth, 2008] generates matches over both unique and 
non-unique sections, it produces progressively weaker 
matches over the period of the dataset. While this method 
produced superior results for this particular dataset in 
terms of experience map generation, it is unlikely to 
perform better than a FAB-MAP based method over larger 
periods of time. 

The addition of the RatSLAM pose filter allows 
FAB-MAP to function as a full SLAM algorithm in pose 
space. Its enhancement to FAB-MAP is twofold: firstly, it 
allows spurious false positives to be filtered using 
odometry data so as not to cause a false loop closure, and it 
allows multiple correct partial matches (which would 
otherwise be classed as false negatives) to build up over 
time, eventually causing a correct loop closure. By 
incorporating all the information available from the single 
camera in terms of visual data association and vehicle 
odometry, a robust SLAM system has been developed that 
outperforms localisation in appearance space alone. 

 

6.1 Future Work 

Although many visual SLAM algorithms are significantly 
improved by using wider field of view, multiple or 
omnidirectional cameras, using only low-cost forward 
facing cameras provides a greater challenge to the 
algorithm, but can be applied to low-end consumer systems 
where these cameras are commonplace (such as domestic 
robotics and augmented reality systems).  

A number of improvements to the FAB-MAP 
algorithm are described in [Cummins and Newman, 2009]. 
These include a sparse likelihood update which reduces 
computation time by a factor of up to 80, a location 
clustering scheme (similar to the one implemented in this 
paper) that also incorporates new visual data into templates 
to ‘average’ location representations, and a geometric 
post-verification stage that compares the structure of 
known visual words in an image (rather than simply 
determining whether they are present or not). 
Implementing all these additional features will increase the 
performance of the FAB-MAP visual data association 
system in terms of computation time, and reduce the 
number of false positives found for a given dataset. 

With respect to experience map generation, the 
appearance of the map can be improved by using a more 
robust method of determining vehicle motion. Rather than 
inferring translational and rotational velocity based upon 
changes in image intensity, the motion of SURF features 
(already generated by FAB-MAP) could be used to provide 
a better estimate of true vehicle motion.  

Although this paper did not present a significant 
advantage of the combination of FAB-MAP and RatSLAM 
over the RatSLAM-only system, the results showed some 
promise of FAB-MAP’s ability to relocalise across larger 
differences in scene and lighting conditions. This will be 
investigated in subsequent experiments by applying this 
algorithm to datasets generated at different times of day 
and across different days, to determine whether FAB-MAP 
can provide superior results for persistent outdoor visual 
data association and SLAM. 
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