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Process-aware information systems are typically used to log events (e.g. transaction logs, logistics, healthcare) describing the execution of such processes. The analysis of these logs can provide meaningful knowledge for organizations
to improve the quality of their services as well as their efficiency [3]. In logistic domains, transportation planning and
scheduling are made based on a-priori knowledge about activities. Thus, a proper identification and characterization
of process activities is of extreme importance. Given the nature of such logistics business processes, the presence of
spatio-temporal databases (form global positioning systems) is common.The analysis of spatio-temporal and event logs
databases provide different information on the same business processes. Both databases are important for the correct
stochastic characterization of process activities. Spatio-temporal data provide accurate information about location and
time but uncertainty about which actions occurred. Event logs clearly identify which activities took place but when they
are partially human generated, it is not assured that events are logged at the correct time and location. This leads to
uncertainty related to the time at which events (recorded by means of user interaction) are logged. By aggregating both
types of data, it is possible to reduce the activity recognition uncertainty.
Learning patterns of human behaviour from sensor data is extremely important for high-level activity inference [2]. To
derive activity logs from low-level event logs, we define an activity as a finite sequence of events, over a finite period of
time, where each event in the activity is an occurrence. The duration of an activity is given by the elapsed time between
its first and last event. If the events are logged before (or after) the real occurrences, the duration of activities can not be
correctly obtained. Using the spatio-temporal data: latitude, longitude and time-stamp, we defined time-windows based
on the average travel speed. The portions of the trajectories where the truck was stopped are combined with the activities
extracted from the event log to create an activity time-line. Despite the logging system being able to keep track of all
activity types (e.g load, unload, rest, wait, etc.) dead-times between activities are possible to exist due human influence.
Considering such premise, it is possible to formulate hypothesis to estimate activity durations based on the empty time on
the neighbourhood of activities. Travel times can also be estimated by analysing the moving portions of trajectories. The
framework enables the prediction of service times at specific costumers, by using load and unload activity durations for
frequency analysis, as well as stochastic travel times by clustering trajectories [1]. Such knowledge, based on real-world
data, can be used in vehicle routing applications for planning and optimization of business processes.
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