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FIGURE 5. Safe vs. unsafe classification average error rate (%) per activity class, using 5
different types of features: time-based features, FFT coefficient magnitudes, time-delay
embeddings, wavelet transforms, and all features. The average error rate for each event was
calculated over six folds of cross-validation. In each fold, the training set included five
examples of each activity.

single feature family, but not signi�cantly better than with the
FFT features. This may be due to the small size of the training
set; in general, larger training sets are necessary when training
classi�ers with greater numbers of parameters (features in
this case). This classi�er outperformed all the others on most
activities, though there were a number of activities for which
the time-delay embedding features or FFT features performed
better, notably IFCR (Frontal collision with a soft object at
high speed).

Running paired t-tests comparing the misclassi�cation
rates obtained with the various feature sets con�rmed that we
could partition feature families into two sets: {FFT features,
All features} vs. {Time-based features, Wavelet features}.
Results obtained with any of the feature types in the �rst set
were signi�cantly better (at thep D 0.05 level) than those

obtained with any of the features in the second set, but not
signi�cantly better than those obtained within their set. There
was no signi�cance between time-delay embeddings and any
of the other feature families.

We end this section by presenting results showing the
impact of the training set size on the Safe/Unsafe classi-
�cation performance. We focus on the FFT family of fea-
tures and the AllFeatures set, which performed best in the
results above. We observe in Fig. 6 that the Safe/Unsafe
classi�cation performance improved steadily until the 5 �rst
training examples, and continued to improve but at a slower
rate, up to 15 training examples for FFT features. In the case
of the AllFeatures, improvements continued up to 25 training
examples (the limit of our dataset, preserving a �ve example
test) and may improve further with more data. This con�rms
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FIGURE 6. Classification error as a function of the size of the training set.

that moderate amounts of data can be suf�cient to correctly
classify events, but that more data can be useful, especially
when considering a greater number of features.

IV. CONCLUSION
The paper presents a machine learning approach targeting the
development of automated analysis tools to characterize the
driving behavior of wheelchair users. The results presented
constitute a proof-of-concept that the system can accurately
detect unsafe activities using a variety of features and support-
vector machine classi�cation, with less than 2% error, and a
relatively low rate of false positives (12%). This approach can
be helpful in monitoring safe usage of the wheelchair under
varied operating conditions. The number of false alarms can
likely be reduced by leveraging richer sensor data (e.g., using
audio or video data to better diagnose activities). Offering
more training examples in a diversity of safe activities could
also improve robustness.

We compared classi�cation performance using different
sets of features common in the time-series analysis litera-
ture: time-delay embeddings, time-domain characterization,
frequency-domain features, and wavelet transforms. This was
deemed necessary because these features have been often
used in the literature, without reliable comparison between
them. The results presented here show that the most robust
performance was achieved when combining all features, how-
ever nearly as good performance was obtained by using
FFT features alone.

Our approach could be helpful in diagnosing frequent
driving mistakes in every day usage, without requiring a
user to keep a detailed diary. One of the challenges in
moving forward with the implementation of this technique
onboard regular PWs is to validate the method using natural
recording conditions. This poses logistics challenges in terms
of obtaining accurate labeling of activities. The labels could
however be assigned through post-processing of the recorded
data, and corroboration through camera data. Furthermore,
the current system was evaluated using activity recordings
from a single user; we expect results to be relatively robust

to different users given the very narrow class of events con-
sidered, however this remains to be tested.
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