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Abstract

Highway work zones present hazardous
conditions where worker safety is at constant risk due
to interactions with construction equipment. In such
environments, accurately defining hazard zones
around equipment is vital for timely detection and
prevention of incidents. Traditional static hazard
zone models, often relying on simple geometric shapes,
fall short as they cannot adapt to changes in
equipment speed and movement, leading to either
inadequate safety coverage or frequent false alarms.
This study proposes a dynamic hazard zone model
that leverages a probabilistic approach based on
bivariate Gaussian distribution to generate adaptive
and realistic hazard zones. Real-time data from GPS
and inertial measurement unit (IMU) sensors enable
the model to adjust hazard zone dimensions
dynamically in response to equipment behavior,
improving both accuracy and responsiveness.

Simulations conducted in Webots software
demonstrated that the proposed model achieved 93%
accuracy in hazard detection, significantly

outperforming the 60% accuracy of static circular
zones tested in the same environment. The findings
underscore the potential of dynamic hazard zone
modeling to enhance safety in highway work zones,
providing a practical and effective approach for
reducing risks.
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1 Introduction

Highway work zones are inherently complex and
hazardous environments where the safety of construction
workers and motorists is constantly challenged by active
construction and traffic flows. The increased number of
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accidents and fatalities associated with these zones has
led researchers and practitioners to focus on developing
more effective safety measures [1], [2]. Accidents in
these areas can result from a variety of causes, including
but not limited to vehicular collisions, worker-equipment
interactions, and improper management of traffic flow
[3]. A significant number of these accidents happen due
to worker-equipment interactions, making the prevention
of near-miss incidents and collisions a critical issue [4].

Effectively mapping the hazard zone around
equipment plays a pivotal role in this context, serving as
a crucial mechanism for incident detection [5], [6].
Traditional approaches to hazard zone mapping typically
employ static models, which use simple geometric shapes,
such as circles, to define areas of danger around
construction equipment [7]. These models could,
however, fall short in adequately providing the necessary
protection due to two main reasons. First, these hazard
zones have fixed sizes and provide the same hazard area,
even when the equipment moves at different speeds [8].
This would lead to either an insufficient zone that could
not timely detect hazards for equipment moving at a
higher speed, or too large zone, which would lead to
unnecessary alarms for equipment moving at a low speed
or a stationary piece of equipment [9], [10]. The second
reason is related to the shape of the hazard zone. The use
of simple shapes like circles will lead to the marking of
relatively safer areas, such as the sides of a moving
vehicle, as hazardous, which could lead to false alarms
[11], [12]. These issues are especially relevant in
congested areas such as highway work zones where
workers on foot and equipment work side by side in a
relatively small area [13]. In such situations, if the hazard
zones are not carefully designed to efficiently detect true
hazardous situations and avoid any false alarm scenarios,
it will lead to either insufficient protection for workers or
repetitive false alarms, which could result in work
disruption and desensitization [8], [14].

To address these problems, this study proposes an
adaptive hazard zone model that dynamically adjusts the
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hazard boundaries in real-time based on equipment
movement. The proposed model addresses the existing
issues by creating a dynamic and more realistic hazard
zone around the equipment, effectively mapping the real
hazardous areas and avoiding safer areas. The study
proposes a rigorous probabilistic approach to developing
a mathematical hazard zone model that relies on
equipment movement parameters to produce a hazard
map with varying levels of safety around the equipment.
Real time tracking of equipment movement is achieved
by utilizing GPS and inertial measurement unit (IMU)
sensors. The proposed model is validated in a simulated
environment in Webots software, where several
scenarios of realistic interactions between workers and
construction equipment are evaluated.

2 Literature Review

Properly modelling hazard zones around construction
equipment is essential for preventing near-miss and
collision incidents between equipment and workers on
foot. These zones must effectively detect and alert
potential incidents, allowing both workers and equipment
operators sufficient time to react safely. Additionally, the
zones should be precise enough to avoid unnecessary
alarms that could disrupt work or desensitize workers to
genuine hazards. Various hazard zoning approaches exist
in practice and in literature, each with its own advantages
and limitations. The following sections discuss some of
these methods.

2.1 Hazard Zone Models

Hazard zone modelling in construction and industrial
environments traditionally relies on static models with
fixed sizes, and typically utilizes simple geometric
shapes to demarcate areas of danger around equipment.
These static hazard zones have predefined danger areas
around equipment that do not change shape or size in
response to the equipment’s real-time movement.
Because static zones remain constant regardless of
vehicle speed or direction, they can either overestimate
or underestimate the true hazardous area in different
scenarios.

Among the various static hazard zone approaches, the
use of circular hazard zones is common in both practice
and literature, with variations in how the circle’s size and
the number of hazard levels are determined. Wang &
Razavi [6] proposed circular hazard and warning zones
around a construction equipment. The warning zone
represents the area where a warning should be issued
when a worker breaches it while the hazard zone
represents the actual dangerous area. Although the
formulation in the study considered the speed and
deceleration of the equipment for determining the
braking distance, only typical values for a specific
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equipment were finally used to determine the dimensions
of the hazard zone. Similarly, circular and rectangular
hazard zones were explored in studies by Teizer et al. [7]
and Luo et al. [15]. Jo et al. [14] also utilized circular
hazard zones to represent hazardous areas around an
excavator.

In an attempt to make circular zones more
representative, Teizer & Cheng [11] proposed a hazard
zone that considers only part of a circle, in the direction
of the equipment's movement. The proposed hazard zone
is also dynamic, adjusting its size based on equipment
speed. Although the proposed hazard zone worked
generally well, it was pointed out that there were missed
hazards and false alarms during the experiment. A study
by Shen et al. [5] proposed a standard procedure to come
up with hazard zones with different shapes and sizes
specific to the type and size of equipment. The procedure
also uses typical equipment speed and deceleration
values to determine the size of the hazard zone.

Although the studies mentioned above tried to
consider several parameters to develop effective hazard
zones, there is still a gap in providing a hazard zone
model which both has a realistic representation of the
actual hazardous area and adapts its size based on real-
time equipment movement information. Park et al. [8]
affirms this by stating that previous research has
insufficiently investigated the variations in proximity
sensing caused by different settings such as equipment
types and approaching speeds. The study further
recommends future research to focus on defining
dynamic hazard zones based on factors such as
approaching speeds.

Another key aspect to consider is the level of hazard
that these zones represent. Many proposed methods
provide a single hazard zone, which defines whether a
worker is either inside or outside a hazardous area [11],
[14]. In contrast, some methods suggest a multi-level
hazard zoning approach, which establishes warning and
alert areas to offer an additional layer of safety by
distinguishing between moderate and critical risk levels
[7]. Teizer [16] wused three levels of hazard,
corresponding to “warn,” “slow,” and “stop”, during field
experiment of a proposed magnetic field-based proximity
detection and alert system.

Overall, previous literature highlights the need for a
hazard zoning methodology where the hazard zone
adjusts its size and shape in real-time based on equipment
behavior. Such a model would significantly enhance the
accuracy of detecting and preventing near-miss incidents.
In addition, provision of multiple zones corresponding to
varying levels of hazard would be beneficial to give early
warnings before a more dangerous situation happens.

Probabilistic approaches are increasingly gaining
traction in hazard zoning to improve risk estimation and
adaptability in construction and industrial settings,
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though there is limited research in applying them for
modeling hazard zones around a vehicle. Studies have
explored probabilistic risk assessments in construction
and industrial environments to enhance safety
performance. Park et al. [17] developed a sensor-based
safety risk model that quantifies hazard exposure using
probabilistic evaluation methods. Zhang et al. [18]
applied stochastic processes to model safety risk in
construction, demonstrating how probability-driven
methods can improve accident prediction. Similarly,
Abdrakhmanova et al. [19] proposed a probabilistic
hazard analysis framework for industrial operations,
incorporating dynamic exposure zones. While these
studies demonstrate the benefits of probabilistic
approaches in various domains, their application to
highway work zones and to model vehicle hazard zones
remains largely unexplored.

2.2 Recent Advances in Real-Time Location

Systems

Implementing an adaptive hazard zone requires real-
time tracking of equipment speed and acceleration.
Recent technological advances, particularly in 10T-based
applications, have significantly improved the feasibility
of real-time data collection in construction environments.
Real-time location systems (RTLS) are now frequently
deployed in various industries to track the positions of
workers, vehicles, and equipment. In construction, these
systems could offer substantial benefits in various areas
including safety improvements by monitoring proximity
and movement in hazardous areas [20], [21].

RTLS employs a range of technologies, including
GPS, IMU, radio frequency identification (RFID), Ultra-
Wideband (UWB), and Bluetooth, to achieve precise
location tracking. These technologies allow for real-time
monitoring of assets and workers, enhancing situational
awareness in complex, dynamic environments like
highway work zones [22], [23], [24]. The use of these
sensors allows accurate real-time tracking, which could
be crucial for creating adaptive safety zones that adjust
based on equipment speed and worker proximity [25].

With real-time data from loT-based systems, it is now
feasible to create hazard zones that expand or contract in
response to movement, ensuring more precise safety
measures than traditional static models. Such systems
have been shown to improve both safety and efficiency
on sites where real-time tracking of workers and
equipment is crucial, as noted by Teizer et al. [26] in their
study on LoRaWAN applications for tracking in
construction environments.

3 Methodology

The aim of this study is developing an adaptive
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hazard zone model for construction equipment with a
more realistic hazard zone area using a probabilistic
approach. The use of probabilistic method enabled
mapping the area around the equipment as a continuous
zone with varying levels of hazard risk. The methodology
used in this study generally included two main steps:
theoretical derivation of a hazard zone model and testing
in a simulated environment. In the theoretical derivation,
the issues discussed in the previous sections, namely,
having a more realistic hazard zone geometry, making it
adaptive to equipment speed and direction, and providing
zones for varying hazard levels, were addressed by
utilizing a probabilistic approach.

3.1 Hazard Zone Model Development

A probabilistic approach with a bivariate Gaussian
distribution is used to derive a hazard zone model. This
resulted in a 3D graph that not only provides more
representative elliptical hazard zones with adaptive major
and minor axes but also allows to determine the
probability of hazard at any location from the position of
the equipment. A series of elliptical projections with the
required probability of hazard can be extracted from the
graph to represent varying levels of safety around the
equipment (Figure 1). The colors of the ellipses in the
figure represent an increasing level of hazard in moving
towards the equipment, with the red color representing
the highest level of hazard and the green one representing
the lowest.

Figure 1. Elliptical projections from the proposed 2D
Gaussian graph representing different hazard levels

The equation for a bivariate Gaussian distribution is
given in Eqg. 1, for independent variables x and y. The
expression mainly involves four parameters: the mean
and standard deviation values in both directions. The
center of the distribution is taken to be at the center of the
equipment and in line with this the mean values in both
directions are taken to be zero. The standard deviation o,
controls the spread along the x-axis while a,, controls the
spread along the y-axis. These standard deviations are
made to be functions of the equipment's speed.

exp (— = l(x L ;y’:y) D (1)

Ox

fl,y) =

2ma, 0y,

This study employs a six-step procedure to draw
hazard zones around various construction equipment, as
suggested by Shen et al. [5]. These procedures are
generally followed to determine the necessary variables
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used in the derivation, except for the last step, where a
different formulation is used in this study.

1. Equipment Footprint: This parameter represents
the overall dimensions of the equipment, which
depend on the type of equipment. For this derivation,
the length (L) and width (W) of the equipment are
considered as variables, allowing for flexibility in
applying the model to different types of equipment.

2. Initial Safety Boundary: The initial safety
boundary, represented by S in this study, defines the
hazard zone when the equipment is stationary and is
also treated as a variable in this derivation.

3. Equipment Function: This step involves
determining the required safety distance based on the
function and type of movement involved in the
equipment. For example, the hazard zone of an
excavator will have a circular shape with a radius
governed by the size of the rotating arm. This study
focused on moving equipment such as wheel loaders
and dump trucks, with a hazard zone governed by the
speed of the equipment. Choosing the type and
function of the equipment forms the basis for
computing parameters that influence the size of the
hazard zone such as the distance required for the
equipment to stop once a hazard is perceived by the
operator, which is addressed in steps 4 and 5.

4. Operator Reaction Distance (Dr): The reaction
distance is the distance covered by the equipment
between the moment the operator perceives the
hazard and takes measure (Eq. 2). It is computed as:

Dr = vt 2)
Where v is the speed of the equipment in m/s, and t
is the reaction time. The reaction time ¢t is
recommended to be 2.5 seconds [6], [27]. Thus, the
equation simplifies to:

Di = 2.5v ©))

5. Braking Distance (Dg): The braking distance is the
distance the equipment travels between the moment
the operator takes action, and the equipment comes
to a full stop, as given in Eq. 4 [5].

UZ

Dy =5 4)
Where v is the speed of the equipment in m/s, and a
is the deceleration of the equipment in m/s2 The
deceleration could be different depending on the
type of equipment. For example, a deceleration value
of 1.9 m/s2is taken in Wang & Razavi [6] for forklift.
In this study, it is considered as a variable, so that
appropriate value could be assigned for a specific
type of equipment later.

6. Determine Hazard Zone: The final step involves
determining the resulting hazard zone based on steps
1 through 5. As mentioned above, the hazard zone is
taken to be elliptical in shape, following the
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projection of a bivariate Gaussian distribution with
the major axis representing the direction of
movement of the equipment. The lengths of the
major and minor axis of the ellipse are computed
based on the values in the previous steps as described
inEq. 5to Eq. 7.

Major axis:

Major axis = L + 25 + 2Dg + 2Dg (5)
Where L is the length of the equipment, S is the initial
safety boundary, Dy is the reaction distance, and Dy is
the breaking distance. Therefore,

Major axis:
UZ
Major axis = L+25+5v+; (6)
Minor axis:
Minor axis = W + 2§ @)

To determine ox and gy, these values are equated
with the equation of an ellipse for a typical projection of
the proposed bivariate Gaussian probabilistic plot, taking
the hazard zone to be the ellipse with a 70% probability
of hazard. This could be done for different probability
values to derive different safety boundaries for different
levels of hazard.

For a bivariate Gaussian distribution, the equation for
an ellipse representing a specific probability contour is
given in Eq. 8.

(x ;x,ux>2 + <3’ ;yﬂy)Z — K ®)

Where k is a constant corresponding to a specific
confidence level. For a 70% confidence level, the value
is obtained from the chi-squared distribution table to be
approximately 0.713.

For a bivariate Gaussian distribution, the major and
minor axes of the ellipse can be expressed in terms of the
standard deviations as in Eq. 9 and Eg. 10.
Major axis:

Major axis = 20,‘\/%
Minor axis:
Minor axis = 203,\/%

9)
(10)

Equating Eq. (9) and (10) with the corresponding
expressions obtained earlier for the major and minor axes
will result in an equation for the standard deviations in
terms of equipment parameters.

Major axis:
2
v
20:Vk =L+ 28 + 50 + — (11)
avz
0y = CoL + C,S + Cyv + €y — (12)
Minor axis:
20,Vk =W + 2§ (13)
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o, = CsW + C¢S (14)
Where C; = 0.592, C, = Cs = 1.183, C3 = 2.959, and
C4 = Cs5=0.592 are the coefficients.

The final expressions for the standard deviations
show that the size of the hazard zone along the major axis
of the ellipse depends on the real-time speed and the
deceleration rate of the equipment, while the size in the
cross-sectional direction remains constant. If the
equipment turns, the major axis will change direction
accordingly keeping the hazard zone aligned with the
equipment's direction of movement.

7]
A
¥ & Mai .
o
‘6 ; ajor axis
2
.'§ T CLHCS+Cav+ e

Figure 2. Hazard zone dimensions

In practical applications, real-time GPS/IMU sensor
data will be used to continuously track the equipment's
location, ensuring that the center of the hazard zone
remains properly aligned with its current position.
Additionally, these sensors will provide velocity and
acceleration measurements, enabling the dynamic
adjustment of the hazard zone size using Equations (12)
and (14). To enhance accuracy and mitigate sensor noise,
efficient sensor fusion techniques should be employed to
effectively integrate GPS and IMU readings.

3.2 Simulation Setup

The primary objective of the simulation was to
evaluate the effectiveness of the proposed hazard zone
model in correctly detecting near-miss incidents at the
right time. The simulation was conducted in Webots
R2023b, an open-source desktop application from
Cyberbotics, primarily used for robot simulations. The
software was chosen for its strengths in effectively
creating realistic road and traffic environments [28].

Figure 3. Simulation setup in Webots

The strategy involved driving equipment, equipped
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with GPS and IMU sensors, towards a worker positioned
in front of it. A hazard zone was generated around the
equipment, and when the worker entered the hazardous
area, the equipment began decelerating, mimicking an
operator’s response upon being alerted (Figure 3). The
equipment continued at its current speed for 2.5 seconds
to simulate operator reaction time, then decelerated at the
typical rate for the equipment in the simulation
environment. The stopping position was evaluated to
determine whether the hazard zone provided sufficient
time for the equipment to stop. The simulation was
conducted using the proposed dynamic hazard zone, and
a static circular hazard zone for comparison (Figure 4).

ft .-

(@)

(b)

Figure 4. Model evaluation strategy (a) Proposed
hazard zone (b) Static circular hazard zone

A total of 100 simulations were conducted for both
hazard zones, with varying worker locations and
equipment speeds. The worker's location was randomly
varied both in the longitudinal and cross-sectional
directions. To keep the location within a reasonable range,
the location is kept within a 30 m range across the road,
i.e. 15 m from the centerline of the equipment in both
directions, and 100 m range along the road. The
equipment speed was sampled from a normal distribution
with a mean of 10 kph and a standard deviation of 5 kph.
To ensure realistic speeds for construction equipment, the
minimum and maximum speed values were set at 5 kph
and 20 kph, respectively.

The proposed model has variables including
equipment footprint, initial safety boundary, the speed of
equipment, and deceleration rate of the equipment. These
variables were set before running the simulation, except
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for the speed of equipment which is variable. The
equipment footprint was directly measured for the
specific equipment used in the simulation to be 3 meters
long and 1.7 meters wide. The initial safety boundary is
taken to be 2 meters as is recommended by Shen et al. [5]
and Wang et al. [6]. The deceleration rate, which is the
rate at which the equipment decreases its speed when the
brake is applied, was obtained to be 1.05 m/s? for the
specific equipment used in the simulation.

3.3 Evaluation Criteria

After completing the necessary setup, the simulation
was then run, and results were categorized into true
positives, true negatives, false positives, and false
negatives, with the following meanings:

e False Negative (FN): The equipment hits or
dangerously approaches the worker, indicating a
failure to alert in time. This indicates that the model
couldn’t timely recognize a positive case and gave a
false safety, leading to a dangerous situation. A trial is
classified as false negative if the equipment hits the
worker or the worker comes within a 1-meter distance
around the equipment footprint at any time during the
equipment’s movement or when the equipment finally
stops.

o False Positive (FP): The equipment stops too far from
the worker or passes safely, yet the system triggers an
unnecessary alert. Previous literature provides little
guidance on the appropriate distance between the
worker and equipment to classify it as “too far”. In a
field experiment by Teizer et al. [7], equipment
stopping at least 10 meters away from the worker was
considered safe. This value is adopted as the criterion
in this study to differentiate false positives from true
positives, along the direction of equipment movement.
However, applying the 10-meter threshold to the width
of the equipment is deemed unreasonable, as it would
be overly conservative and result in many false alarms
being classified as true positives. Therefore, the width
threshold is set at one standard lane width, i.e., 3.6
meters, from the equipment. Accordingly, a false
positive occurs when the equipment stops while the
worker is outside the 10 meters by 3.6 meters boundary.

e True Positive (TP): The equipment stops safely with
the worker at a safe distance, indicating that the system
correctly detected the danger.

e True Negative (TN): The worker is located at a safe
distance from the equipment and no alert is issued, as
expected.

4  Results and Discussion

Following the methodology described, a total of 100
simulations were conducted for both the proposed
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dynamic hazard zone model and a conventional static
circular hazard zone. The simulations accounted for
varying worker locations and equipment speeds, ensuring
diverse scenarios for evaluation. The simulation results
showed that the proposed hazard zone model classified
93% of trials correctly while the static circular hazard
zone correctly classified 60% of trials. The total number
of cases classified as true positives, true negatives, false
positives, and false negatives are presented in Figure 5.
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Figure 5. Confusion matrix (a) Proposed hazard zone
(b) Static circular hazard zone

It can be clearly seen that the circular hazard zone
struggled to identify negative cases and classified them
as false positives. In addition, the static circular hazard
zone was less efficient in detecting true positive cases, as
it classified more cases as false negatives than the
proposed hazard zone. This occurred because the static
circular hazard zone used a fixed radius for varying
equipment speed values, leading to false negatives at
higher speeds and false positives at lower speeds. To
further understand the performance of the proposed
dynamic hazard zone model, the results were analyzed
based on different speed ranges of construction
equipment. The findings are summarized in Table 1.

Table 1. Breakdown of model performance across
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different speed ranges

Speed Hazard TP TN FP FN ACC
Range  Zone

5-10 Proposed 20 22 1 95.5%
kph Static 37 0 12 75.5%
10-15 Proposed 19 20 1 92.9%
kph Static 17 0 9 12 44.7%
15-20 Proposed 5 1 85.7%
kph Static 6 0 3 4 46.2%

The results highlight the following key points:

e Low Speeds (5-10 kph): The proposed model
demonstrated high accuracy (95.5%) with minimal
false positives (1) and false negatives (1), effectively
distinguishing between hazardous and safe scenarios.
In comparison, the static model achieved lower
accuracy (75.5%) due to a higher number of false
positives (12).

e Medium Speeds (11-15 kph): At medium speeds, the
proposed model maintained strong performance with
an accuracy of 92.9%. The static model, however,
exhibited significant performance degradation, with an
accuracy of only 44.7% due to large number of false
positives (9) and false negatives (12). This decline in
performance is primarily because, despite the increase
in speed, the static hazard zone remains unchanged,
treating equipment moving at higher speeds the same
as slower-moving equipment. As a result, the static
model fails to account for the increased stopping
distance and reaction time, leading to false negatives,
where a real hazard is incorrectly classified as non-
hazardous. This limitation highlights the advantage of
the proposed model, which dynamically adjusts the
hazard zone based on speed variations, ensuring more
accurate hazard identification.

e High Speeds (16-20 kph): The proposed model
achieved an accuracy of 85.7%, with a slight decrease
compared to lower speeds. This indicates that the
model still remains effective even at higher speeds. In
contrast, the static model struggled significantly,
achieving only 46.2% accuracy. These results
reinforce the adaptability of the proposed model
compared to static hazard zones.

While the simulation results demonstrate the
proposed model's effectiveness, its validation in a
controlled virtual environment limits generalizability to
real-world conditions, where factors like unpredictable
worker behavior, sensor inaccuracies, and environmental
variables may influence performance. To address these
challenges, field testing is essential to assess the model's
accuracy and robustness under diverse, dynamic
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scenarios involving varying equipment types and
operational conditions.

5 Limitations

While the proposed probabilistic hazard zoning
model performs well in the simulated environment used
in this study, several real-world challenges may affect its
practical implementation. Real-world sensors are subject
to noise and drift, which can introduce inaccuracies in
position tracking and cause deviations in hazard zone
boundaries. To mitigate this, effective sensor fusion
techniques should be employed to enhance location
reliability. Additionally, in highly dynamic environments
such as highway work zones, unpredictable worker
behavior and complex interactions between workers and
construction equipment present further challenges.
Adapting the proposed model for such scenarios will
require future work focused on incorporating predictive
techniques for worker movement patterns and worker-
equipment interactions. Field validation through real-
world deployments will also be essential to refine the
model and optimize its parameters for practical
applications.

6 Conclusion

This study developed a dynamic hazard zone model
to address the limitations of traditional static circular
hazard zones in highway work zones. By employing a
probabilistic approach using a bivariate Gaussian
distribution, the proposed model generates adaptive
hazard zones that account for real-time changes in
equipment speed and movement. The proposed model's
effectiveness was validated through simulations, where it
demonstrated superior performance compared to static
circular hazard zones, achieving 93% accuracy in
correctly classifying hazard scenarios. The findings
highlight the significant potential of dynamic hazard
zones in enhancing worker safety by accurately detecting
true hazards and minimizing false alarms, even in highly
dynamic environments. This approach not only reduces
the risk of near-miss incidents and collisions but also
minimizes disruptions caused by unnecessary alerts.
Future work could focus on validation through field
experiments and refinement of the model for more
accuracy.
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