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Abstract. Geolocation data is fundamental to businesses relying on
vehicles such as logistics and transportation. With the advance of the
technology, collecting geolocation data become increasingly accessible
and affordable, which raised new opportunities for business intelligence.
This paper addresses the application of geolocation data for monitor-
ing logistics processes, namely for detecting vehicle-based operations in
real time. A stream of geolocation entries is used for inferring station-
ary events. Data from an international logistics company is used as a
case study, in which operations of loading/unloading of goods are not
only identified but also quantified. The results of the case study demon-
strate the effectiveness of the solution, showing that logistics operations
can be inferred from geolocation data. Further meaningful information
may be extracted from these inferred operations using process mining
techniques.
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1 Introduction

Specific areas of the transportation sector such as fleet management, are being
revolutionised by data and digital transformation. The use of telematics in fleets
increased significantly in last years, from 48% in 2017 to 86% in 2019 [1]. As just
23% of fleets used big data analytics to guide strategic decision-making, new
opportunities arise for the businesses to improve their fleets’ operations.

Geolocation data rely on a geographic coordinate system such as the GPS
(Global Positioning System), which define the positions on Earth. The inference
of events using geolocation data can provide a valuable insight into business
processes, especially in transportation and logistics, for example for the anal-
ysis of routes, vehicles and drivers [11]. The identification of travel events and
motivations has been studied over the last few decades [14].

Focusing on public transportation, Pinelli et al. [9] proposed a methodol-
ogy to detect the location of the scheduled and unscheduled bus stops using
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the speed and acceleration variation, distinguishing then the type of stop rely-
ing on density-based clustering. Biagioni et al. [5] also identifies the location
of bus stops with an automatic system which uses GPS traces collected from
smartphones, identifying the routes and inferring schedules afterwards. Gong
et al. [6] developed a methodology to identify activity stops in continuous GPS
trajectories collected using mobile phones and combining clustering techniques
with Support Vector Machines (SVM). Tavares et al. [13] defined and evaluated
diverse approaches for identifying – from geolocation data – relevant locations
where vehicles stopped.

Focusing on logistics, Pluvinet et al. [10] defined a GPS-based data collection
technique and data processing algorithm to identify the delivery stops and route
characterization, and Holgúın-Veras et al. [7] developed a procedure to identify
urban freight activity stops from raw GPS data using three parameters: GPS
data points, the value of the cutoff acceleration (typically between 25 and 40
km.h−2), and the cutoff speed parameter (typically between 0 and 10 km.h−1).
Yang et al. [15] proposed an algorithm to identify the delivery stops using second-
by-second GPS data of different delivery tours according to the top speed and
time between stops. Since a great number of stops are generated due to high road
traffic, the delivery stops are distinguished from the remaining ones according to
their features. Kinjarapu et al. [8] developed a heuristic-based model to identify
and classify truck stops. These authors found that a combination of trucks’
dwelling times and their entropy can be used to classify truck stops by purpose.
Aziz et al. [4] analyzed GPS data of truck movement, identifying the truck stops,
clustering the several stoppages, and characterizing the truck stops according to
their arrival time and duration distributions. In order to overcome the limitations
of the existing clustering practices in freight studies, Taghavi et al. [12] use
a Hidden Markov Model to identify truck trip segments and extract activity
and non-activity stops from GPS data while accounting for the spatio-temporal
properties of GPS points.

The analysis of the literature allowed to identify some gaps and limitations.
First, even though procedures to identify freight activity stops from raw GPS
data are already defined (e.g., [7,13,15]), such procedures use a set of variables
as geolocation data, vehicle speed and acceleration. Second, to the best of our
knowledge, such procedures were designed to work offline, which limit the use of
the collected data for operational monitoring of vehicles and cargos or manage-
ment of resources (e.g., work re-planing). Third, previous studies use an average
cadence of geolocation entries lower than 60 s (e.g., [7,15]).

This paper addresses the application of geolocation data for monitoring logis-
tics processes, namely for detecting vehicle-based operations in real time. This
work includes the development of a methodology based on stationary events [11],
which is designed to work simply on a stream of geolocation entries with arbi-
trary cadences, in real time and in an incremental fashion. A real-life logistics
process is used as a case study to demonstrate the effectiveness of the methodol-
ogy, namely the automatic detection of operations like the load/unload of goods.
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The remainder of this paper is organized as follows. The context of the work
is described in the next section. Then, the methodology for automatic detection
of vehicle-based operations is defined. Next, a preliminary evaluation of the
application of the methodology is presented, as well as a discussion of the results.
Finally, the main conclusions and future work are outlined in the last section.

2 Context

This work is conducted to provide insight into the business processes of an
international logistics company that operates mainly in the European market.
The company relies on over 2000 vehicles, transporting – each year – 7 million
ton of goods across 200 million kms. Each month, over 25000 distribution routes
are performed to pick and transport about 4.5 million packages.

Generated by fleet tracking technologies, geolocation data is currently used
for monitoring the state of vehicles in terms of positioning and navigation. Infor-
mation about the execution of operations such as the start and conclusion of
load/unload operations is generated by human resources, which has proven to
be ineffective due to delayed, imprecise or missing inputs. As a consequence, not
only the management of the logistics processes becomes more difficult but also
the operations scheduling. Therefore, the exploitation of geolocation data for the
detection of vehicle-based logistics operations in real time is an opportunity for
improving the monitoring and management of logistics operations, namely the
load/unload of goods. Also, this solution can be used to enhance the customer
service, by providing means to negotiate more adjusted contracts to reality, and
by enabling on-the-fly notifications to customers about their packages.

3 Automatic Detection of Vehicle-Based Operations

This section is structured in four main topics. First, the definition of geolocation
entry and stationary event is presented (Sect. 3.1). Then, the operations detec-
tion (Sect. 3.2) and operations inference (Sect. 3.3) are described. The detection
of vehicle-based operations consists of finding stationary events in a sequence
of geolocation entries. Since a stationary event represents some abstract oper-
ation that occurred in some geolocation, the inference of logistics operations is
necessary to assign a meaning to these events. The last section explains how
vehicle-based logistics operations can be detected in real time (Sect. 3.4).

3.1 Geospatial Event Data

In the scope of this work, events consist of vehicle-based operations with a
geospatial component. Geospatial events can be categorized as stationary and
non-stationary events, depending on whether the location where the operation
took place changed or not during its execution [11]. In a logistics process, oper-
ations like the load/unload of goods are stationary events, which can be auto-
matically detected by analyzing the sequences of geolocation entries generated
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using the vehicle’s GPS tracking device. For that, let us consider the following
definition [11,13].

Definition 1 (Geolocation entry and stationary event). Let the geolo-
cation of a vehicle (v) at a specific time instant (t) be defined as the entry
l = (v, t, lat, lon), where lat and lon identifies the latitude and longitude of
the vehicle’s position on Earth. Given two geolocations l1 = (lat1, lon1) at time
instant t1 and l2 = (lat2, lon2) at time instant t2:

– the function distance(l1, l2) computes the orthodromic distance between the
position of l1 and l2.

– the function speed(l1, t1, l2, t2) computes the average speed of the movement
from the position of l1 to l2.

Let L = [l1, l2, ..., ln] be a sequence (time series) of geolocation entries of
the same vehicle. A stationary event E is a subsequence of L with at least two
elements, in which all elements must be within a given range of distance, time,
and/or average speed values. The following functions are defined for a given
stationary event E:

– the function location(E) identifies the centroid c = (latc, lonc) defined by the
elements of the subsequence, which represents the geolocation of E.

– the function duration(E) computes the duration of E, which consists of the
time difference between the first and last entries of the subsequence.

– the functions start(E) and end(E) identifies the time instants of the first
and last entries of E.

��

3.2 Operations Detection

Algorithm 1 describes how stationary events can be identified, in an incremental
fashion. This algorithm assumes that, for each vehicle, there is a data structure
that holds the history of stationary events as well as the current stationary event
candidate.

In this work, a stationary event is defined by a sequence of geolocation entries
such that every element must be less than 15 m from the elements’ centroid (δ
threshold), the movement from an element to another consecutive must be less
than 1 km.h−1 (υ threshold), and the time difference between two consecutive
elements must be less than 2 h (Γ threshold). These threshold values are the
same as the ones considered in [13]. Since no logistics operation shorter than
1 min is expected to occur, θ = 1 min is used as the minimum event duration in
order to filter some noise in the data.

3.3 Operations Inference

The operations inference consists of linking stationary events to logistics opera-
tions. In the scope of this work, the execution of the logistics processes rely on
some work plan, which is composed by an ordered list of planned operations.
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Algorithm 1: Identification of stationary events
Input : A geolocation entry (v, t, lat, lon) as defined in Definition 1. As

thresholds, δ is the maximum distance (default 30 m), ψ the
maximum speed (default 1 km.h−1), Γ the maximum time (default
2 h), and θ the minimum event duration (default 1 min).

Output: A stationary event, if identified.

Method
1 S ← null; // the stationary event to be returned

2 E ← retrieve the current stationary event candidate of vehicle v;
3 if E �= null and end(E) = t then // equal timestamps, discard entry

return S;
end

4 if E �= null and distance(location(E),(lat, lon))≤ δ and
speed(location(E),end(E),(lat, lon),t)≤ ψ and (t − end(E)) ≤ Γ then
// update E with geolocation (lat, lon) at time instant t

5 append (v, t, lat, lon) to E;

else
// the stationary event candidate is over

6 if E �= null and duration(E) ≥ θ then
7 add E as an executed event of vehicle v;
8 S ← E;

end
// create a new stationary event candidate

9 E ← new stationary event located in (lat, lon) with t as start time;
10 set E as the current stationary event candidate of vehicle v;

end
11 return S;

Definition 2 (Planned operation and work plan). Let v be a vehicle with
a GPS tracking device.

A planned operation p describes a future load/unload operation of a logistics
process using vehicle v, which is expected to occur at a specific location. The
function location(p) identifies the geolocation where p is supposed to occur. No
time information (start time) is directly associated with planned operations.

A work plan W = [p1, p2, ..., pm] is an ordered list of planned operations for
vehicle v, which consists of a trip in which each event represents the trip’s check-
points. The function start(W) identifies the time instant when W is supposed to
start. Only one work plan can be executed at a time, even though there are cases
for which it is not possible to determine when a work plan ends and another
starts. These cases happen when the first event of a work plan is at the same
location of the last event of the previous work plan.

��
An overview of the real-time monitoring of work plans (and the corresponding

operations) is presented in Fig. 1. Comparing to the traditional definition of a
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business process [2], the work plans are process instances, while the operations
are process events.

Fig. 1. Overview of the real-time monitoring of work plans.

Since a planned operation is geolocated, the operations inference is achieved
by checking whether a stationary event occurred nearby to that planned oper-
ation. In this work is considered that, if the orthodromic distance between a
stationary event E and a planned operation O is no farther than 1000 m then E
should represent the execution of O. If no planned operation satisfies the afore-
mentioned condition for E, then it can be assumed that E represents a negligible
operation (e.g., vehicle refueling or driver’s resting). In the scope of this work,
these unmatched stationary events are discarded.

Given a stationary event E and the list of work plans for some vehicle, Algo-
rithm2 describes how to identify the current active work plan (or plans, if one is
ending in the same location as another starts). This algorithm assumes that there
is a function that describes whether a planned operation was already executed or
not. The Radius threshold defines the maximum orthodromic distance between
E and the planned operations, which is set to 1000 m as explained before. The
minT and maxT thresholds define the allowed time offset range for starting a
new work plan, which are set to −5 h and +12 h of the planned starting time.

3.4 Real-Time Computation

Given a stream of geolocation entries and a list of work plans, vehicle-based logis-
tics operations can be detected in real time using Algorithm 3. The geolocation
entries are considered to compute stationary events by applying Algorithm1. The
stationary events are considered to identify the active work plans and planned
operations by applying Algorithm2. The non-executed planned operations of the
active work plans are matched with the non-reported stationary events for check-
ing the execution of operations. It is important to mention that the execution of
a planned operations may be supported by more than one stationary event. A
good example of this case is when a vehicle performs some check-in operation in
one location prior to the load/unload of goods in another location a few hundred
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Algorithm 2: Identification of active work plans and operations
Input : For a specific vehicle v, a list of work plans (W = [w1, w2, ..., wn]) and

a stationary event (E). [minT;maxT] is the allowed time offset range
for starting a work plan (default [−5 h; 12 h]). Radius defines the area
where operations must be performed (default 1000 m).

Output: The work plans and planned operations activated by E, if exist.

Method
// Current and past work plans

1 B ← {w in W | w contains at least one planned operation that was executed
already};

// Future work plans that can be activated

2 C ← {w in W | w not in B ∧ minT ≤ start(E) − start(w) ≤ maxT};
// Current work plan

3 A ← {w in B | ∀x �= w in W [x not contains a planned operation which was
executed after any executed event in w]};

// Check whether the current work plan is still active

4 if ∃w in A[�p in w[ p is not executed ∧
distance(location (E),location (p)) < Radius]] ∧
∃w′ in C [∃p′

x in w′ [ p′
x is not executed ∧ x ≤ 3 ∧

distance(location (E),location (p′)) < Radius]] then A ← ∅;
// Find the work plan and planned operation activated by E

5 if A = ∅ then
// Current work plan is not active, find a new one

6 X ← {(w, p1) | w ∈ C ∧ p1 in w ∧ distance(α,β) < Radius ∧
∀w′ �= w ∈ C [p′

1 in w′ ∧ distance(α,γ) ≥ distance(α,β)]}, where α =
location(E), β =location(p1), and γ = location(p′

1);
7 return (X, ∅);

else
// Current work plan is active, find the activated operation

8 X ← {(w, p) | w ∈ A ∧ p in w ∧ p is not executed};
9 Y ← {(w, p) ∈ X | ∀(w′,p′) �= (w,p)∈X [distance(α,γ) ≥ distance(α,β)]},

where α = location(E), β =location(p1), and γ = location(p′
1);

// Find a next work plan for which the first event is at the

same location of the current operation of the active plan

10 Z ← {(w, p1) | w ∈ C ∧ p1 in w ∧ ∃(w′,p′)∈Y [location(p′)=location(p1)};
11 return (Y, Z);

end

meters away. In the scope of this work, all stationary events that represent the
execution of a specific planned operation are aggregated. This means that, the
logistics company is interested to simply know the time a vehicle remains at
the location of some planned operation. Hence, the results consist of messages
notifying and quantifying – in real time – the execution of planned operations.
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Algorithm 3: Real-time detection of logistics operations
Input : A stream of geolocation entries (Input) and the list of work plans

(WPs). Radius defines the area where planned operations must be
performed (default 1000 m).

Output: A stream of detected logistics operations.

Method
1 Open Output as the stream of detected logistics operations;
2 O ← ∅, the stack of events associated with some unreported planned

operations ; // Activated planned operations to be reported

3 while stream Input is open do
4 (v, t, lat, lon) ← wait/get geolocation entry from Input;
5 W ← get list of work plans of vehicle v from WPs;
6 foreach (A, B, C) ∈ O do
7 (w, p) ← the only element in A;

// Check whether the vehicle left the operation area, so no

more events can occur in there

8 if distance(location(p), (lat, lon)) > Radius × 2 then
// Report the execution of the matched planned operations

9 change the state of operation p to executed;
10 change the state of every event e ∈ C to reported;
11 start ← earliest start time of the events in C;
12 end ← latest end time of the events in C;
13 if B �= ∅ then
14 (w′, p′) ← the only element in B;
15 middle ← time instant that is equidistant to start and end;
16 change the state of p′ to executed;
17 add (v, w, p, start, middle) and (v, w′, p′, middle, end) to Output;

end
18 else add (v, w, p, start, end) to Output;
19 O ← O \ (A, B, C) ; // remove from the stack

end

end
// Check whether there is a new stationary event for vehicle v

20 e ← apply Algorithm 1 with (v, t, lat, lon);
21 if e = null then break iteration (go to line 3);

// Find the work plans and planned operations activated by e
22 (X, Y ) ← apply Algorithm 2 with W and e;
23 if X �= ∅ then

// Add e to the stack of events, associated to the activated

work plans and operations

24 if ∃(A,B,C) ∈ O[A = X ∧ B = Y ] then O ← (X, Y, C ∪ e) ∪ O \ (A, B, C)
25 else O ← (X, Y, {e}) ∪ O ;

end

end
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4 Evaluation and Discussion

A preliminary evaluation of the application of the methodology presented in the
previous section was conducted using real-life data from the logistics company. In
this section, the characterization of the data used for the performed evaluation
is presented. Also, the results of the Algorithms 1, 2 and 3 (implemented in
Python) are assessed in terms of conformance and performance. The general
limitations and impacts of the methodology are discussed in the end.

4.1 Data Characterization

The data used in this work consists of one month of geolocation data for three
vehicles, as well as the corresponding work plans (routes). A total of 82000 geolo-
cation entries and 95 work plans were collected from the operational systems.
This data captures a combination of urban and sub-urban operations between
distribution centers and delivery points. The vehicles usually travel long dis-
tances (hundreds of kms per route) through highways to reach urban areas.
The average cadence of data used is around 100 s. Vehicle V1 has the highest
number of geolocation entries (N = 29238), but the lowest number of work
plans (N = 18). Vehicles V2 and V3 have a similar number of geolocation
entries (N ≈ 26000). However, the volume of work plans is higher for vehicle
V3 (N = 56) than for vehicle V2 (N = 21). On the other hand, vehicle V2 has
the triple of stationary events (N = 1676), than the vehicle V3 (N = 658). This
may be related with the level of complexity of work plans as vehicle V2 has,
proportionally, more planned operations (N = 67) than vehicle V3 (N = 113).
The input and output data characterization is presented in Table 1.

Table 1. Input and output data characterization.

Vehicle

Indicator V1 V2 V3

Geolocation entries 29328 26329 26335

in stationary event 15722 (53.6%) 17162 (65.2%) 21067 (80.0%)

(average cadence) 92 s 102 s 102 s

Stationary events 589 1676 658

with known location 155 (26.3%) 225 (13.4%) 368 (55.9%)

in work plan 210 (35.7%) 804 (48.0%) 431 (65.5%)

Work plans 18 21 56

fully fulfilled 17 (94.4%) 18 (85.7%) 52 (92.9%)

partially fulfilled 1 (5.6%) 2 (9.5%) 4 (7.1%)

Planned operations 36 67 113

with detected execution 35 (97.2%) 63 (94.0%) 108 (95.6%)
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4.2 Conformance Checking

Conformance checking was performed to evaluate whether the work plans were
executed according to the expected. On the one hand, start times were analyzed
to identify and quantify delays. On the other hand, the detected operations were
parsed in order to identify deviations to the work plan. These deviations can be
either missing or swapped operations, such as the alignment steps for replaying
event logs on process models [3]. The results of the conformance checking analysis
are presented in Table 1.

4.3 Performance Analysis

The performance of the execution of the logistics processes provides insight into
the efficiency of the company. The performance analysis can be conducted tak-
ing into account different perspectives such as work plans, planned operations
and vehicles. At the work plan level, we analyzed the throughput time, the start
time, and the delay, while at the planned operations level we computed the exe-
cution time. Table 2 provides an overview of some process performance indicators
obtained in this evaluation.

Table 2. Overview of the process performance analysis.

Indicator Vehicle

V1 V2 V3

Work plans

Average throughput time 12:14:33 05:14:19 03:20:02

Average start time (executed vs planned) −03:14:16 00:12:55 −00:52:28

Average delay 00:07:38 02:47:23 00:39:48

Started on time 16 (88.9%) 15 (78.9%) 41 (74.5%)

Planned operations

Average execution time 04:48:18 01:01:44 01:18:23

As can be observed, the throughput times range from 3 h to 12 h and the
delays between a few minutes to a few hours. Vehicle V1 has the highest through-
put time, but the lower delay. These results suggest that the work plans were
performed quite efficiently.

A common work plan is given as an example for exploiting the spatial aspect
of the results. The work plan, which is executed in a regular basis, consists on just
two operations: (1) the loading (of goods) in location A and (2) the unloading
in location B. The road distance between A and B is around 200 km, which can
be driven in 3 h. Figure 2 depicts – on a map – the history of stationary events
associated with these operations. Details about the operations’ performance are
provided in Table 3. Note that the high time variations described by the standard
deviations (event duration and operation execution time) are due to the drivers’
resting nearby the location of the operation.
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(a) Loading site (b) Unloading site

Fig. 2. History of stationary events of two logistics operations. The blue markers repre-
sent the operations’ expected geolocation, while the black circles represent the detected
stationary events.

Table 3. Performance analysis of a specific work plan.

Indicator Loading of goods Unloading of goods

avg (std) avg (std)

Stationary events

Location offset (distance) 396 m (63 m) 35 m (28 m)

Location offset (azimuth) 117.6◦ (9.6◦) 61.0◦ (31.4◦)

Duration 00:19:41 (00:30:47) 01:26:27 (01:29:27)

Logistics operations

Aggregated events 6.9 (1.5) 4.6 (4.5)

Execution time 02:00:25 (01:11:34) 08:11:30 (09:17:23)

Note: avg and std stand for average and standard deviation.

4.4 Discussion

The logistics processes considered in this work can be considered rather struc-
tured. This means that, there is neither a high variability in the workflow nor too
much unexpected behavior in the execution of the processes. So, once that the
focus of this work is simply the load/unload of goods, the application of process
discovery techniques would not provide much new knowledge about the logistics
processes. The application of conformance checking, however, is useful to verify
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the correct and complete execution of the work plans. Non-conforming cases may
be due to either data issues (e.g., noise or missing data) or work performed in
an unexpected manner (e.g., unfulfilled operations).

The real-time computation poses a challenge to the detection of logistics oper-
ations. In this work, the execution of an operation is assumed to be completed
if the vehicle exits the area where the operation is supposed to be performed.
If, for some reason, the vehicle has not exited the area permanently, then the
detection would be erroneous. The methodology applied in this work addresses
this issue, being able to correctly detect the execution of around 95% of the
logistics operations (load/unload of goods).

The accuracy of the geolocation of the logistics operations is also a critical
factor for the application of the methodology. The geolocation reference is often
computed either using the postal address or the street entrance, which may be
several hundred meters away of the location of the logistics operations. This
issue is even worse when two or more distinct sites are located close by. In this
work, a constant distance value (1000 m) is used to check whether a stationary
event represents a logistics operation. However, a dynamic approach would be
more adequate, especially because the layout and dimension of the sites where
logistics operations occur vary enormously. The location offset, as presented in
Table 3, can be used to adjust the location of the logistics operations.

5 Conclusions

This paper addresses the application of geolocation data for monitoring oper-
ations of an international logistics company, namely the load/unload of goods.
The implementation of the methodology as well as the main issues for its appli-
cation are described and discussed throughout the paper. The effectiveness of
the solution was demonstrated using real-life geolocation data.

The exploitation of geolocation data for the detection of vehicle-based logis-
tics operations in real time is an opportunity for improving the monitoring
and management of logistics operations. The scope of this work is primarily
to enhance the customer service of the logistics company, by providing means to
negotiate more adjusted contracts to reality, and by enabling on-the-fly notifica-
tions to customers about their packages. It is acknowledged, however, that this
solution has potential to provide new insight into the execution of the existing
logistics processes. Process mining techniques should be a valuable complement
for that.

As a future work, we envision the extension of the methodology in order to
detect all kinds of vehicle-based operations instead of simply the load/unload
of goods. This extension will require the classification of events that occur at
unknown locations, which might be driven by the points of interest (POIs) in
the surroundings of the events’ location.
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