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Abstract
The paper proposes a methodology for the identification of workstations in earthwork
operations based on GPS traces from construction vehicles. The model incorporates
relevant information extracted from the GPS data to infer locations of different
workstations as probability distributions over the environment. Monitoring of
workstation locations may support map inference for generating and continuously
updating the layout and road network topology of the construction environment. A case
study is conducted at a complex earthwork site in Sweden. The workstation
identification methodology is used to infer the locations of loading stations based on
vehicle speeds and interactions between vehicles, and the locations of dumping stations
based on vehicle turning patterns. The results show that the proposed method is able to
identify workstations in the earthwork environment efficiently and in sufficient detail.
Keywords: Earthwork operations, Global Positioning System (GPS), location detection,
probabilistic model, kernel density estimation

1. Introduction
Heavy construction refers to large-scale projects such as construction of infrastructure
(highways, streets and railways), flood control, and mining and quarry operations.
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Earthwork, in particular, is the processing and moving of large quantities of soil from
the earth’s surface, and is an important part of the early stages of heavy construction
projects. Earthwork operations involve processes such as excavating, hauling, dumping,
crushing and compacting soil. Activities are typically equipment-driven, and most
frequently include excavators, loaders, compactors and hauling trucks.
Earthwork environments are highly dynamic by nature. Especially during the early
stages of projects, the layout of the construction site and the road geometry change
continuously. As the operation proceeds, the construction site expands and workstations
move further away from each other, driving times between workstations become longer
and the loading units may stand idle while waiting for hauling units. The performance
of the fleet thus declines, including productivity reduction, increased cost and reduced
utilization of certain types of equipment [1]. In such situations, it is crucial that
management take actions and adjust the operations so that performance does not deviate
much from the plan. Such actions may include increasing the number of hauling
vehicles or changing to hauling vehicles with higher capacities. Even if there is no
possibility to change the fleet composition, the negative effects due to site expansion
can be reduced by adjusting operating methods. Such alterative operating methods may
include, e.g., not loading the hauling trucks to their full capacity and thus reducing the
driving time, fuel consumption of hauling units, and idle time for loading units.
The project management thus needs to regularly update the map of the environment in
order to accurately plan and monitor the work process. It is hence important to be able
to track the number and locations of significant areas, including loading and dumping
workstations, haulage roads, road intersections etc., and the network of transport paths
between them [2]. The rate of change of workstations is high at construction sites of
moderate scales. In large construction sites, the workstations are more significant and
the locations are most likely known in the designing phase of the projects. In any case,
the locations of certain types of workstations, such as loading stations, are moving
gradually further away as the projects progress. It is thus necessary to follow the
development of projects and make appropriate adjustment in the operations so that the
performance is not much affected.
Traditionally, mapping of the site layout requires manual data collection, which can be
time and resource consuming [3]. Some large-scale heavy construction operations even
engage helicopters with advanced laser scanning technology to take aerial photographs
with 3-dimensional geographical information of the site at regular intervals. This
method can help managers to accurately deduce the site layout and road geometry at a
high accuracy, but is expensive to repeat frequently.
The recent spread of mobile GPS devices opens up the possibility for easy collection of
location data, and facilitates the development of a variety of location-aware
applications. For example, information from vehicles’ movement data is already finding
applications in areas such as city planning [4], real-time traffic management [5], and
fleet management [6]. GPS devices have become standard equipment for construction
vehicles in recent years.
The paper proposes a methodology for inferring the locations of distinct types of
workstations in earthwork operations from vehicle GPS data logs. The proposed method
makes use of the “free” GPS trace data from daily operations, and does not require other
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signals from vehicle Controller Area Network (CAN) buses or prior knowledge of the
operating environment. Compared to manually identifying workstations from aerial
photographs, the proposed approach does not require input or experience in the
construction field on the part of the users. Thus, the approach may identify the locations
of critical work stations at a fraction of the cost of traditional approaches. The
identification of workstation locations may be used as part of a wider map
inference framework for generating and updating the layout and road network
topology of the construction environment as it evolves over time. The problem is
important in light of the use of simulation‐based optimization tools for modelling
the complex characteristics of earthwork operations, and for allocating the most
suitable vehicle fleet and operating methods [7].
The methodology employs various characteristics in vehicle movements and
interactions during earthwork operations to generate probability distributions over the
site geometry for the locations of different workstations. Specific models are developed
in order to infer the locations of loading stations, where excavated material is loaded
onto hauling trucks, based on interactions between loading and hauling vehicles, and the
locations of dumping stations based on hauling vehicles’ turning movements.
Furthermore, a clustering method is used to calculate the number of distinct
workstations of each type.
The methodology is applied in a case study at an earthwork site in Sweden. GPS data
are collected from a group of construction vehicles working together, and processed
using the proposed methodology to extract locations of various workstations. The
experimental results indicate that the proposed method is capable to infer the most
important workstations in earthwork operations.
The remainder of the paper is structured as follows. A review of related prior work is
given in Section 2. Section 3 presents the probabilistic framework for the identification
of different workstations. The case study is described in Section 4, with results
discussed in Section 5. Section 6 concludes the paper and identifies future research
directions.

2. Related Work
A number of studies have presented methods for inferring significant locations (i.e.,
locations that plays a significant role in the activities of the agent) from GPS traces,
focusing primarily on road traffic and pedestrian movement. One proposed method
automatically clusters places where the user spends a minimum pre-defined amount of
time into significant locations, and uses a Markov model to predict the agent’s
movements [8]. Other approaches include spatio-temporal clustering to identify stops
and movements in trajectories based on the speed profile [9], and a stay extraction
algorithm using pre-defined scale parameters such as a maximum distance from or a
minimum duration at a location [10]. Other studies use clustering and fixed-thresholdbased criteria to identify significant locations [11, 12, 13].
A drawback of methods based on fixed thresholds is that inference is sensitive to the
choice of threshold parameters. Furthermore, suitable thresholds can vary significantly
depending on application context and GPS data source. In practice, there is no standard
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threshold that leads to a satisfactory detection of all significant places. Thus, success of
the approach depends heavily on the design decisions as well as the quality and
frequency of the GPS data.
Machine learning methods have also been employed for the inference of significant
places in various applications, mainly for the analysis of individuals’ travel and activity
patterns. The proposed methods include a Gaussian mixture model for inferring agent’s
significant locations from GPS data [14], a dynamic Bayesian network model for
inferring transport modes between significant places [15], and a conditional random
fields model for inferring a person’s activities and significant places [16]. Based on
GPS traces, the latter model first segments an agent’s day into activities of work, visits
or travel, and then identifies significant places such as workplace, home, or restaurant.
Other approaches include a probabilistic place extraction algorithm based on the density
of data points [17], where high-density regions are ranked by importance using a
density scoring metric. Similarly, kernel density estimation has been applied to GPS
traces to create a continuous density surface from which local maxima are retained as
stop locations [18].
In contrast to the settings of the studies above, earthwork environments are highly
unstructured and dynamic, and vehicles do not always follow predictable routines.
Thus, it is necessary to tackle the location identification problem in these applications in
a different manner [19]. Vehicle speed, for example, may provide meaningful
information in the case of off-road construction environments. If a vehicle is moving
very slowly in a particular area, it may indicate that the vehicle is performing an activity
(loading, unloading, queuing or yielding). In the context of safety, one approach is to
identify activity locations with potential interactions between vehicles and risk of
accidents uses a probabilistic model based on vehicle speed profiles [19]. Examples
from an open pit mine show that the algorithm detected important locations
successfully. The detected locations are forwarded to a collision avoidance system for
mining operations, which provides warnings and driving assistance to vehicle operators
[20]. This method detects important locations from a safety point of view, but is not
designed for identifying the contextual information of a construction environment. With
the same reasoning, a speed-based method is presented in [21] for automatic work zone
detection for trucks, and suggested using GPS data and the concept of work zones for
the extraction and analysis of cycle time information. However, the proposed zone
detection method is not able to identify the type of work zones and manual input is
therefore required.
In contrast to [19], an important motivation for this study is to use the inferred up-todate layout as input to a simulation-based optimization framework for optimization of
various aspects of site operations, such as vehicle fleet combination and alternative
operating methods [7]. For this application, it is essential to have accurate information
on the locations of specific workstations rather than general significant places. In the
proposed method, more complex activity characteristics than vehicles’ speed profiles,
such as interactions between difference vehicle types and vehicle turning movements,
are employed for the inference of different types of workstations. Information regarding
the movements and interactions between construction vehicles is extracted from
synchronized GPS data from multiple vehicles.
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3. Methodology
This section presents a methodology for inferring the locations of multiple types of
workstations in an earthwork environment. In earthwork operations, various units of
equipment interact with each other to perform various tasks. Indicators based on
vehicles’ driving patterns and the interactions between different vehicles extracted from
GPS measurements provide valuable insights into the type of activity undertaken at a
particular location. Hence, such indicators are utilized to identify distinct workstations.
A general methodology is first introduced, which is then specified to infer the locations
of loading and dumping stations in particular, the two most important types of
workstations in earthwork operations.
3.1 Model and estimation framework
For each point x  R2 in the two-dimensional space of the work site, the aim is to infer
whether x belongs to a particular type of workstation s (e.g., a loading station or a
dumping station). Thus, let the indicator function Hs(x) be equal to 1 if x belongs to a
workstation of type s, and 0 otherwise. The variable Hs(x) is not directly observed but is
modelled as a stochastic variable whose value is inferred in a probabilistic manner.
Therefore, let αs(x) denote the probability that location x belongs to a workstation of
type s, i.e.,

 s ( x )  P( H s ( x )  1)

(1)

The spatial distribution of αs(x) is used to determine the spatial boundaries of locations
of type s. Position x is classified as belonging to a workstation of type s if probability
αs(x) is greater than some threshold probability α0, such as α0 = 0.5.
The estimation of αs(x) is based on the hypothesis that there exists a set of features of
vehicles’ driving patterns and interactions at different locations that characterize the
type of work activity and, hence, the location of the particular type of workstation.
Depending on the type of workstation, more than one attribute from one or multiple
vehicles may be useful to identify that the location belongs to the particular type of
workstation. Let Ys(x) denote the (possibly multi-dimensional) variable representing the
characteristic features for workstation type s at location x. Like Hs(x), Ys(x) is modelled
as a stochastic variable, with probability density function ps(ys|x).
For example, changes in the direction of movement, i.e., the heading, of hauling trucks
are used in Section 3.2 to identify dumping stations; in this case, variable Ys(x)
represents the change in heading of hauling vehicles at position x, with probability
distribution ps(ys|x).
Conditional on characteristic features ys from the vehicle activities at location x, let the
location model βs(x|ys) be the probability that x belongs to a workstation of type s,

 s ( x | y s )  P ( H s ( x )  1 | Ys ( x )  y s )

(2)

In Sections 3.2 and 3.3, particular forms of the location model are specified for loading
and dumping stations, respectively. The marginal probability αs(x) that position x is part
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of a workstation of type s is obtained by integrating βs(x|ys) across all possible values of
ys, each weighted by the probability density ps(ys|x) of observing ys at x,

 s ( x )    s ( x | y s ) p s ( y s | x ) dy s

(3)

The probability density ps(ys|x) is estimated based on vehicle GPS traces from the work
site. A GPS trace includes GPS probes with frequency 1/Δt, where each probe includes
a timestamp t and the corresponding longitude and latitude coordinates, xt. In general,
synchronized GPS traces from multiple vehicles may be used to infer ps(ys|x). Thus, let
Z s  xt1 ,..., xtM , y st 1 t  T be a data set containing synchronized, sequential position
measurements xt1 ,…, xtM from M vehicles over time period T, and values y st of the
characteristic variable derived from the GPS traces for identifying workstations of type
s.
The conditional probability density ps(ys|x) is expressed as ps(ys|x) = ps(x, ys)/p(x), where
ps(x, ys) is the joint probability density of simultaneously observing characteristic
features ys and position x from the GPS traces. p(x) is the marginal probability density
of observing the vehicle(s) generating the GPS traces simultaneously at position x. The
marginal probability αs(x) is thus obtained as
 s ( x) 

1
 s ( x | y s ) p s ( x , y s ) dy s
p( x) 

(4)

Kernel density estimation [22] is used to estimate the probability density functions
ps(x, ys) and p(x) across the work site over time period T. That is,

p s ( x, y ) 

ps ( x ) 

1 T
1 x  xt1 ,..., x  xtM , y  y st  ,

T t 1

1 T
 2 x  xt1,..., x  xtM  ,
T t 1

(5)

(6)

where κ1 and κ2 are kernel density functions for estimating ps(x, ys) and p(x),
respectively. The Gaussian kernel is used here due to its convenient mathematical
properties, although the choice of the kernel function is not critical for the accuracy of
the estimator.
In the following section, the general methodology is specified for the inference of
loading and dumping stations, respectively.
3.2. Identification of loading stations
For earthwork with loading and hauling vehicles, the loading vehicles repeat cycles of
driving towards the material pile to fill the bucket (phase 1), reversing (phase 2) and
then driving forward (phase 3) to empty the bucket (phase 4) on the container of the
receiving truck (Figure 1). These driving patterns and interactions are common to the
majority of situations [23], [24]. While waiting for an empty truck to arrive to start the
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next loading cycle, the loader may clean the working site, preparing it for the next
loading cycle. Work cycles for hauling trucks consist of driving between the loading
station for loading and the dumping station for emptying their load. During loading, the
receiving truck remains still and the loading unit keeps driving forward and reversing to
empty and fill its bucket.

Figure 1: Loading process.
It is hypothesized that, under normal working conditions, the presence of both loading
and hauling vehicles at the same location while driving at low speeds or standing still is
a suitable indicator for identifying loading stations. Let VLU(x) and VHU(x) be stochastic
variables denoting the speed at location x of the loading and the hauling vehicles,
respectively. Then the conditional probability of position x being part of a loading
station given the simultaneous speeds of the loading unit vLU and hauling unit vHU is

 loading ( x | v LU , v HU )  P ( H loading ( x )  1 | V LU ( x )  v LU ,V HU ( x )  v HU )

(7)

In the following, βloading(x|vLU, vHU) is modelled as a binary variable, equal to 1 if the
LU
HU
and vmax
, respectively, and 0
speeds of the two units are lower than thresholds v max
LU
HU
and vmax
are model parameters that are used to
otherwise. The speed thresholds vmax
distinguish between the lower speed of the loading activity and the relatively higher
speeds of hauling vehicles. Thus,

 v LU   v HU 
  I  HU  ,
LU 
v
max

  vmax 

 loading ( x | v LU , v HU )  I 

(8)

where I(x) is a step function equal to 1 for x≤1 and 0 otherwise. In other words,
LU
I ( v LU / vmax
) is 1 if the speed of the loading vehicle is lower than or equals to the
LU
HU
maximum speed limit vmax
, and zero otherwise. The indicator function I ( v HU / v max
) for
the hauling unit is defined analogously.
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The temporal information in the GPS data is utilized to compute the probability of
detecting both loading and hauling vehicles at low speeds simultaneously at the same
location. Let v tLU denote the instantaneous speed of the loading unit at time t calculated
from the position measurements as

v

LU
t



xtLU  xtLU
1

(9)

t

The speed of the hauling unit, denoted v tHU , is defined analogously. The kernel density
estimator for the joint probability density pLU,HU(x, vLU, vHU) of both vehicles
simultaneously at position x at speeds vLU and vHU over a time period T is
p LU, HU ( x , v LU , v HU ) 
T

1
T xLU xHU vLU vHU

 x  xtLU   x  xtHU
 
LU
HU
 x
  x

  
t 1

  v LU  vtLU   v HU  vtHU
 
 
LU
HU
  v
  v





(10)

where φ(x) is the standardized Gaussian distribution (i.e., with 0 mean and standard
deviation 1), and  xLU ,  xHU ,  vLU and  vHU are standard deviation for the respective
measurement type (position and speed) and vehicle type (loader and hauler).
The joint probability density function pLU,HU(x) of both loading and hauling units being
simultaneously at location x over a time period T is similarly estimated as
p LU, HU ( x ) 

1

T

 x  xtLU   x  xtHU 

 
LU
HU

  x
 x


HU  

T xLU x

t 1

(11)

The marginal probability αloading(x) that position x belongs to a loading station is
obtained by integrating over the latent speed variables vLU and vHU, each weighted by
the conditional probability density estimated from the GPS data,
 loading ( x ) 

1
p

LU, HU


( x)  

loading

( x | v LU , v HU ) p LU, HU ( x , v LU , v HU ) dv LU dv HU

(12)

Inserting the conditional loading station probability βloading(x|vLU, vHU) from (8) and the
kernel density estimators of pLU,HU(x,vLU, vHU) and pLU,HU(x) from (10) and (11) into
(12) yields
 x  x tLU
 

LU
t 1   x
 loading ( x ) 
T

LU
HU
  x  x tHU   v max
 v tLU   v max
 v tHU
 




HU
   LU    HU
v
v
  x
 
 
LU
HU
T
 x  xt   x  xt 
 

 vLU vHU  
LU
HU

t 1   x
x
 






where Φ(x) denotes the standard Normal cumulative distribution function.
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(13)

3.3. Identification of dumping stations
Arriving at a dumping station, the fully loaded hauling truck typically first needs to
make a turning movement (phase 1 in Figure 2) and reverse to the dumping spot (phase
2) in order to empty its load (phase 3) properly. The vehicle then drives away from the
dumping spot (phase 4) to return to the loading station. Thus, the driving patterns of
hauling trucks consist of several sharp turns determined by the geometry of the site [25].
Typically, the changes in movement direction just before/after dumping are
approximately 180°.

Figure 2: Dumping process.
It is hypothesized that large heading differences in the hauling vehicles’ GPS traces can
be utilized to infer the positions of dumping stations. Let ΔHU(x) denote the stochastic
variable representing the change in heading of the hauling vehicle at location x, defined
to be in the interval from 0° to 180°. The conditional probability of position x being part
of a dumping station given heading change δHU is then

 dumping ( x |  HU )  P( H dumping ( x )  1 | HU ( x )   HU )

(14)

Similar to the identification of loading stations in Section 3.2, an indicator variable is
used to model βdumping(x|δHU), which is equal to 1 if the heading change is above some
threshold δmin,

 dumping ( x | 

HU

  HU 

)  1  I 
  min 

(15)

where I(x), as before, is equal to 1 for x≤1 and 0 otherwise.
The heading θt (i.e., the direction in which a vehicle is moving) of the hauling vehicle at
9

time t is computed from the consecutive position measurements xt-1 and xt. The heading
change is then obtained as δt = |θt – θt-1| if |θt – θt-1| ≤ 180°, between timestamps t and t-1
as depicted in the left figure 3. For heading differences larger than 180°, the conjugate
angle is used as illustrated in the right figure, so the heading change is always within the
interval [0°, 180°].

Figure 3: Definition of heading difference. Left: |θt – θt-1| ≤ 180°. Right: |θt – θt-1| >
180°.
The joint probability density pHU(x, δHU) of detecting a hauling unit at position x with
heading change δHU over time period T is estimated by kernel density estimation as

p

HU

( x, 

HU

)

 x  xtHU    HU   tHU 

  HU  

HU

t 1   x

 

T

1
T xHU HU

(16)

where  vHU is the standard deviation for the heading change kernel. Similarly, the
estimated marginal probability density pHU(x) of observing a hauling unit at x over time
period T is

p

HU

( x) 

 x  xtHU 
  HU 

t 1   x

T

1
T xHU

(17)

Following the general methodology, the marginal probability αdumping(x) that position x
is a dumping station is obtained by integrating over the latent heading difference,
weighted by the conditional probability density estimated from the GPS data,
 dumping ( x ) 

1
p

HU


( x) 

dumping

( x |  HU ) p HU ( x ,  HU ) d  HU

(18)

Inserting (15), (16) and (17) into (18) yields the final expression

 x  xtHU  
  min   tHU 

  HU  1  


t 1   x



 dumping ( x ) 
HU
T
xx 
    HUt 
t 1   x

T
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3.4. Identification of distinct workstations
The probabilistic model above infers whether a specific position of the work site
belongs to a particular type of workstation. A clustering method is designed to add
information regarding how many distinct workstations of each type exist at the site as
well as the centre point of each workstation. The clustering method resembles the kmeans clustering method [26], and partitions data points into mutually exclusive groups
according to their GPS coordinates. In the first step, the probabilistic inference method
is applied to all GPS trace points in the data set to estimate the probability of belonging
to each type of workstation. GPS trace points with probability higher than the
significance threshold 0 are selected and used in the next step.
Subsequently, the clustering method groups the selected GPS points based on their
coordinates and determines the optimal number of workstations of each type. The
algorithm starts by assigning the GPS points to a small number of clusters, and then
computes the centroid of each cluster as the average position of all its members. The
sum of distances between the centroid and all its members is calculated. The clustering
algorithm then increments the number of clusters gradually and repeats the assignment
of the GPS points to clusters. The algorithm stops when the change in the sum of
distances between cluster centroids and their members from the previous iteration is
sufficiently small.

4. Case Study

The proposed method is applied in a case study for a large quarry site located north of
Stockholm, Sweden, producing gravel, aggregate, and sand. There are around 20 heavy
vehicles including wheel loaders, excavators and dump trucks working at the site. Three
GPS Garmin GPSmap 62 receivers are used to collect GPS traces from one wheel
loader and two hauling trucks collaborating to carry out load-and-haul tasks. The GPS
loggers record latitude, longitude, altitude as well as the date and time at a frequency of
one measurement per second. The GPS devices have the horizontal accuracy of less
than 10 meters with 95% confidence under typical use [27].
Data are collected over a four-hour period during one workday and contain
approximately 14,000 trace points from each vehicle. The GPS data are processed
without prior knowledge about the underlying work environment. The accuracy of the
resulting locations of workstations is validated through observation at the studied
construction site and confirmed by the site manager.
The load-and-haul operation covers an area over two square kilometres, and the loader
and the two hauling trucks travel in total approximately 20, 39 and 37 km, respectively,
over the four-hour period. Figure 4 shows the GPS traces for all three vehicles
(coordinates are left out for confidentiality reasons). The GPS trace points with speed
lower than the speed threshold vmax for each vehicle type are shown in red in Figure 4
and the other trace points are in blue. Due to the characteristics of the operation, the low
speed threshold is set to 10 km/h and 5 km/h for loading and hauling vehicles,
respectively. The five stations indicated with circles are loading stations 1 and 2, the
parking lot, the dumping station, and loading station 3, respectively.
11

In order to apply the kernel density estimation of the attributes used to infer loading and
dumping station locations, the geometry of the work site is discretized into grids with
equal spacing of 2·10-5 degrees in GPS coordinates in both dimensions (corresponding
to a distance of approximately 1.3 meters between two adjacent grid points). To avoid
numerical problems due to limited machine precision, the kernel probability densities
are truncated to zero at positions beyond 2 meters from the nearest observed GPS
position. Table 1 summarizes the various parameters used in the study.

Loading
Station 1

Latitude

Loading
Station 2

Parking

Dumping
Station

Loading
Station 3
Longitude

Figure 4: GPS traces with low speed marked in red.
Table 1: Parameter values
Value
10

Unit
km/h

HU
vmax

5

km/h

δmin

120

degrees

 xLU ,  xHU

10

meter

 vLU ,  vHU

5

km/h



45

degrees

Parameter
LU
v max

5. Results

5.1 Identification of significant locations
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Before applying the proposed methodology, the method in [19] is used to detect general
significant locations based on GPS coordinates from the two hauling trucks. Figure 5
shows the probability of significant locations as contour plots marked out at 25%, 50%
and 75% levels for the areas highlighted in Figure 4. The GPS traces are plotted in blue
for hauling truck 1 and green for truck 2. The standard deviations for location and
speed, σx and σv, are chosen as 10 meters and 5 km/h, respectively, for both vehicles.
As shown in Figure 5, the method labels all highlighted areas as significant locations.
Furthermore, the algorithm detects “critical” places where the vehicles slow down or
make short stops. For instance, loading stations 1 and 2 are located close to each other
and trucks sometimes stop at the intersection (displayed on the top left map) and wait
for a signal from the loader before approaching one of the loading stations. The path to
and from the dumping station is quite narrow and the dump trucks have to stop
somewhere on the roadside in order to yield to other vehicles. The top right map shows
that the algorithm detects one of the yielding places.
Since the method is designed for safety purposes, it also detects important places in the
environment where the operators need to pay special attention. However, for the
monitoring of the site layout and as input to simulation and optimization models (e.g. as
in [7]), detailed information regarding locations of distinct types of various workstations
is needed.

0.25

0.3

0.35

0.4

0.45

0.5

0.55

0.6

0.65

0.7

0.75

Figure 5: GPS traces (blue: truck 1. Green: truck 2) and probability of significant places
using GPS traces from hauling truck. Top left: loading station 1 and 2. Top right:
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dumping station. Bottom left: parking. Bottom right: loading station 3.
Figure 6, top diagram, shows the speeds of the loader and truck 1 during two loading
cycles, as well as the distance between the two vehicles. During the loading process, the
loader and the truck stand close to each other and the distance between the vehicles
(black dash-dot line in the top diagram) is small. The receiving truck stands still and the
speed (blue dotted line) is low. The loader repeatedly reverses and drives forward to fill
its bucket and empty the content into the truck. Thus, the speed of the loader varies
(shown as red solid line) rapidly and has the shape of “spikes” in the diagram.
Figure 6, bottom diagram, shows the speed and heading difference of truck 1 during the
same time period, and two dumping cycles are indicated. It is observed that the heading
differences during dumping are large, but also during loading because of vehicle driving
patterns and to some extent GPS noise. As described in Section 3.3 the heading at time t
is estimated from the position measurements xt-1 and xt. Thus, the estimation of heading
difference can be sensitive to GPS noise when the sequential measurements are
“jumping” around at the same region.
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560
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Truck 1 speed
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162

40

144

35
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30
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54

10

36

5
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0

0
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:5
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00
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:0
5:
00
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10
:0
0:
00
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Heading difference (degree)
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:5
0:
00

Speed (km/h)

Truck 1 speed
Truck 1 heading difference

Figure 6: Top: vehicle speed, inter-vehicle distance between loader and truck 1. Bottom:
vehicle speed and heading difference of truck 1.
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5.2. Identification of loading stations
Loading stations are identified using the methodology in Section 3.2 with GPS traces
from the loader and truck 1. The probability of each grid point belonging to a loading
station is shown as contour curves in Figure 7, top map. Comparison with the ground
truth in Figure 4 shows that the only locations with probability higher than threshold 0.5
belong to loading stations 1 and 2, which are shown in higher detail (contour curves at
25%, 50% and 75% levels) in the bottom map. The GPS traces from the loader are
plotted in red. It can be observed that the loader travels between two loading stations
performing loading tasks.
Loading station 3 (Figure 5, bottom right) is not identified as a loading station, since no
GPS traces from other loaders working at the station are available. However, the results
confirm the hypothesis that simultaneous data from collaborating loading and hauling
vehicles can be used successfully to infer the locations of loading stations.
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Figure 7: Probability of loading stations using GPS traces from the loader and truck 1.
Top: entire site. Bottom: detailed view at loading stations 1 and 2.
5.3. Identification of dumping stations
To identify the locations of dumping stations, the heading of the hauling vehicle is first
computed from the GPS traces. As described earlier, the estimation of heading
difference can be sensitive to GPS noise. Depending on the purpose and application,
there are various smoothing techniques for noise reduction, such as moving average
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smoothing and other filtering methods [28]. In this study, the frequency of the GPS
points is down sampled from 1 Hz to 0.1 Hz, i.e. one sample every 10 GPS
measurements. This is a commonly employed noise-reduction method with highresolution signals. Since the trucks travel at low speeds when changing driving
directions, no valuable information is lost.
Dumping stations are identified using the methodology in Section 3.3 with the downsampled GPS traces from the hauling vehicles. The probability of each grid point being
part of a dumping station is shown as contour curves in Figure 8. Only one location, the
actual dumping station, over the entire working area is identified with probability above
0.5, as shown at higher detail (contour curves at 25% and 50% levels) in the bottom
diagram. The highest probability of dumping station in the area is 73.74%.
Due to vehicle driving patterns, heading differences are also high at the loading stations
(Figure 6, bottom). However, the probability of being a dumping station according to
the method in Section 3.3 in the loading area is low (less than 30%). This is because the
loading process is normally spread out all over the loading zone, in contrast to the
dumping procedure, which is concentrated to a particular spot. Thus, the results indicate
that the method of using heading difference to identify dumping stations works well.
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Figure 8: Probability of dumping stations using GPS traces from hauling vehicles. Top:
entire site. Bottom: detailed view on the dumping station.
5.4. Identification of distinct workstations
The clustering method described in Section 3.3. is used to identify distinct workstations
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of each type and estimate the number of workstations at the construction site. The
convergence of the clustering method is shown in Figure 9. For the loading station
identification, the average distance from the cluster centroids to the observations
decreases dramatically as the number of clusters increases from one to two, but remains
at the same magnitude as the number of clusters increases further (blue dotted line in
Figure 9). Thus, based on the results of the clustering algorithm, there are two loading
stations at the site.
For the dumping station extraction, the average sum of distances already reaches a very
low value with one cluster (red dash-dotted line in Figure 9). Hence, it is inferred that
there is a single dumping station at the site.
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Figure 9: Convergence of workstation clustering method.
The extracted locations of the loading stations and the dumping station are shown in
Figure 10. In the top diagram, the GPS points with probability above the threshold 0.5
for the two identified loading stations are marked in blue and red, respectively. The
clustering method successfully partitions the GPS probes into two distinct loading
stations, with centroids marked as black crosses. Similarly for the dumping station
extraction, the GPS probes are depicted in pink in the bottom figure with the centroid of
the cluster marked with a black cross.
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Figure 10: Extracted spatial centroid of workstations and GPS probes located inside.
Top: extracted loading stations with GPS probes marked in red and blue for distinct
stations. Bottom: dumping station with GPS probes marked in pink. Black cross:
centroid of each workstation.
5.5. Sensitivity analysis
Different parameter settings and sampling resolutions are tested to evaluate the
sensitivity of the performance of the proposed methodology to the various thresholds.
The results are summarized in Figure 11.
The minimum speed thresholds for both loading and hauling units in the inference of
LU
LU
= 20 and v max
= 10 km/h, respectively.
loading stations are increased by 100% to v max
The resulting probability of loading stations with higher speed thresholds is shown as
contour curves at 25%, 50% and 75% levels in the top diagram. It can be observed that
the probability contour is almost identical to the result with the baseline parameter
setting (Figure 7). Further, the inference method of dumping stations is tested using δmin
= 100° compared to 120° in the baseline setting. As shown in the middle diagram the
actual dumping station is correctly identified as the only dumping station, similar to the
results in the baseline setting (Figure 8). Thus, it is confirmed that the location inference
methods for both loading and dumping stations perform well and are not particularly
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sensitive to the choice of parameter values.
Finally, the effect of different GPS sampling frequencies in the identification of
dumping stations is examined by adjusting the resolution of the GPS data to 0.2 Hz (one
sample every 5 seconds) from 0.1 Hz. It is observed in the bottom figure that the size of
the significant area identified as dumping station is reduced compared to the baseline
results shown in Figure 8, bottom. This result indicates that calculation of the heading
difference is somewhat sensitive to the frequency of the GPS measurements, which in
turn influences the performance of the inference method for dumping stations.
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Figure 11: Results of sensitivity analysis. Top: Probability of loading stations with
increased minimum speed threshold. Middle: probability of dumping stations using
reduced heading difference threshold. Bottom: probability of dumping stations using
increased sampling frequency.

6. Conclusion and Discussion

Earthwork sites expand in size and change geometry over time. The paper proposed a
generative model to automatically infer the locations of various types of workstations
based on GPS traces from vehicles. Generally applicable characteristics of construction
operations involving one or multiple vehicles are employed to infer different types of
workstations. The proposed model infers the locations of various workstations as
continuous probability functions over the site geometry, and provides a clear
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interpretation of the results associated with uncertainties. The methodology does not
rely on pre-defined thresholds regarding the time spent at workstations or a fixed
number of workstations. Compared to the commonly employed methods in construction
engineering using manual collection or scanning techniques, the approach is fully
automated and consumes considerably less time and resources.
The proposed methodology was evaluated in a case study with GPS data collected from
three construction vehicles collaborating to carry out tasks at a quarry site. The GPS
data were processed without prior knowledge about the underlying work environment.
The accuracy of the resulting locations of workstations is validated through observation
at the studied construction site and confirmed by the site manager. The results suggest
that the proposed algorithm is capable of detecting important workstations at the studied
earthwork site.
For a group of construction vehicles collaborating on carrying out earthwork, the
method is able to extract the locations of important workstations using GPS data from
loading units and an arbitrary hauling vehicle. In the case of earthworks with one
loading unit as in the case study, GPS data from the loading unit and one of the trucks
are required. For earthworks with multiple loading units, it is necessary to have GPS
data from all loading units in order to detect all loading stations. It is common in
earthworks for each loading unit to operate at workstations relatively close to each other
and hauling units to serve all loading units in the operation. Hence, the cost associated
with this approach consists mainly of the cost of the GPS devices, which are currently
the standard configuration for construction vehicles. In conclusion, the proposed
workstation identification method is both time and cost efficient, and it is hence
appropriate for extracting and updating the locations of important workstations in
construction environment.
The case study demonstrated the applicability of the proposed method in typical
earthwork situations. In practice, due to various reasons such as internal traffic and
other disturbances, the operations are not always performed as smooth as planned.
However, the proposed method infers the locations as probability density function
which means that the probability of a point x is a certain type of workstation is low if
the event is an exceptional situation. As demonstrated in the dumping station extraction
case, the hauling vehicles make sharp turns at the loading stations in order to come to
the right position relatively to the loader and the heading differences of hauling vehicles
(which is used to identify dumping stations) here are thus also high. Due to the reason
that the loading process is spread out in the entire loading stations, the resulting
probability for dumping stations at these areas is low (less than 30%). In this manner,
the unusual situations yield low probability for significant workstations and therefore
the proposed method is capable to handle the exceptional cases in the operations.
The work opens up several interesting directions for future research. The general
methodology can be extended to other types of construction environments and
workstations. Further, the methodology only makes use of GPS position measurements.
In addition to the location data from GPS devices, a large amount of data is increasingly
becoming available from other sources such as the vehicle’s CAN buses and other onboard sensors. The data may be integrated with the GPS measurements to extract more
useful representations of the construction environment and operation to achieve more
efficient earthwork operations. Combination of multiple data sources can also increase
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the certainty of the extracted information.
The detection of workstations can be used as part of a more extensive map inference
method to build a map of the underlying construction environment, which contains the
locations of various workstations as well as the road network. The digitalized map may
be continuously updated using GPS and other data collected from daily operations to
capture the changes in the construction environment. Furthermore, autonomous
construction equipment and construction plant control are promising developments in
the industry [29]-[31]. An automatically updated digital map of site geometry will
facilitate the forthcoming development.
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