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ABSTRACT METHODOLOGY CLASSIFICATION RESULTS CONCLUSIONS
The probability of estimating a traffic collision happening in real-time primarily Figure 1: Comparison of the best developed classifiers with » RFs generally outperform NNs  This paper proposes the classification of raw speed time series data
depends on comparing traffic conditions just before a collision with traffic The limitations mentioned are : > Th r | re indi before collision events using imbalanced learning. The approach
conditions dunng normal Opel’atiOI’IS. Most studies however utilize aggregated overcome in this paper by Identification of accidents Normal Conditions the reSUItS Of TheOfIIatOS et al. (2018) € beSt esu tS a e d Cated |ntents to overcome two roblems |) the use Of a re ated data as
- - - " O . . e for the 3- and 4-minute time . . probiems. ) A9gred ’
traffic data and are not concerned with the dynamic nature of collisions or the considering highly disaggregated Comparison of developed classifiers with literature _ raw time-series data are utilized; and ii) the imbalance of safety
Imbalance of safety databases which can lead to erroneous real-time time-series data and utilizing two 100 series data - :
e . . : . . . _ _ _ _ databases through the use of imbalanced learning
predictions. In this study, this is overcome through the use of raw speed time Imbalanced learning techniques; B Recall > The integration of oversamplmg
series data of variant duration (1-minute to 5-minute time series data) from a Repeated Edited Nearest 90 A Falce Ala Rate : :
drivin_g simulator _experiment and the use of_ Imbalanced Ie_arning Ne_ighl_aours (RENN)_and Synt_hetic v Y bl with undersamp“ng_ (SMOTE' O The data used were obtained through a driving simulator experiment
techniques. Two classifiers are then employed tq examine t__he proposed idea: (i) Minority Ov_ersampllng _Techn_lque e racion of <oeed deta e sers Extraction of safe speed data tme 80 - ENN) results IN better in Athens, which took place in order to assess the driving
Random Forests (RFs) — an ensemble classifier and (i) Neural Networks (SMOTE) integrated with Edited e - L £ ; - : TR :
;T . » 9 I ST e e i (1min to 5min) classification performance, than performance of drivers with cognitive impairment.
(NNs) — a popular classifier in the literature. These classifiers are tested on the Nearest Neighbours (ENN). 6 :
original time series data, as well as on time-series treated with the imbalanced Only Undersamp“ng the
learning  techniques of undersampling and its integration with R majority class (RENN). O Five speed time series of variant duration (spanning from 1-minute to
A 5-mines) were consiuced i order 0 tes he efect of duration i
: : : T e L ENN) algorith tedly until all the inst & © / - the classification resulits.
series with 4-minute duration in the classification results. Furthermore, RFs i(n the) daa?:;et rr?a\rlcngameajgri?yn;f ?heirié?gh%réﬁz Neural Networks = 50- / » NNs perform better in terms of
perform well even in 1-minute time series data while the classification results within the same class. ENN applies the kNN 9 7 iIdentifying correctly collision- | | | | N
can be enhanced by up to 40% from imbalanced learning approaches. It is algorithm and removes all misclassified instances ] T 40 - 7 7 orone conditions in shorter time 0 Regarding imbalanced learning, two techniques were utilized,
also demonstrated that the classification results outperform similar approaches from the training dataset. o % : . . namely undersampling of the majority class (i.e. safe traffic
in the literature. However, real-world traffic data and the use of more 30 - / SErES ('-e- consisting of 1-, 2- conditions) and oversampling of the minority class (i.e. collision-
sophisticated classifiers are expected to provide more effective predictions. SMOTE integrated with ENN aims at producing Imbalanced Learning 7 -mi PR - -
P ¥ P P well-defined class clusters which can potentially / % or _ 3-minute  measurements), prone traffic) integrated with undersampling.
improve classification results. After artificially 20 - = 5 77 while RFs perform better when
generating instances of the minority class through // : : ; : e
INTRODUCTION SMOTE, ENN is implemented to conduct the data ] . Z 7 '_(he duration of time series Q It was shown that RFs in general lead to better classification results
cleaning in depth and removes data instances - N /7 7 Increases. when compared to NNs, and the treatment with imbalanced learning
from both classes when the three nearest |gf:;g'§;g:g glf]:g:'t'li':: | v/ 7 can enhance results up to 40% even when 1-minute time series are
WARNING neighbours of a data instance are misclassified. 0 - - - . = = ~ = = 2 5 Looking ot he overall utilized for real-time classifications
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Deliverable 4: Driving Simulator Experiment. 2014.

RF 1 RENN -
RF_2 RENN -
RF_3 RENN -
RF 4 RENN -
RF_5 RENN -

prone speed conditions with a
very small false alarm rate even
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RF_3 SMOTE-ENN -
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