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Reinforcement learning-based optimal control of wearable alarms for

consistent roadway workers’ reactions to traffic hazards

Recent innovations in roadway construction include work zone intrusion alert (WZIA)
systems that detect traffic hazards (e.g., speeding or intruding vehicles) and raise
alarms (e.g., sounds, lights) using preset attributes (e.g., volume, duration) to warn
human workers-on-foot. Designing alarms raised by wearable warning devices (e.g.,
smartwatch) for roadway workers remains an emerging area of transportation safety
research. As roadway work zones begin to adopt these novel technologies, issues
relating to the alarms may persist. Different individuals’ alarm preferences and alarm
fatigue towards repeated exposure to constant alarm attributes can lead to decreases in
worker vigilance and responsiveness to traffic hazard. Reinforcement learning (RL)-
based controls can adjust alarm attributes in real-time to counteract these issues,
ensuring consistent worker reactions. This study proposes an RL-based approach to
train alarm control agents using different reward functions that prioritize different
worker reactions (e.g., body movement, head turn). Results show that a reward function
with equal weight for each type of worker reaction produces an alarm agent that
ensures consistent and safe worker reactions to traffic hazards. Findings also inform the
future development of RL-based alarms (i.e., fine-tuning rewards) to counteract the

lack of safe worker reactions observed in real-world work zones.
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1. Introduction

The U.S. Department of Transportation estimates that construction workers account for about
20% of pedestrian deaths in crashes occurring in roadway work zones (ARTBA, 2024).
Current work zone safety measures include deploying traffic control devices (e.g., barrels,
signage) in standardized site layouts to alert drivers approaching work zones (Federal
Highway Administration, 2022). Recently developed work zone intrusion alert (WZIA)

systems use sensors (e.g., radar, pneumatic tubes) to detect traffic hazards (e.g., speeding or



intruding vehicles) breaching work zone boundaries and trigger alarms (e.g., loudspeakers,
flashing lights) to warn roadway workers, but have found that workers are less likely to
notice and react quickly the farther they stand from the WZIA system’s stationary alarm
source (Thapa & Mishra, 2021).

To address these limitations, wearable devices (e.g., smartwatches, safety vests) raise
alarm patterns using audio, visual, or haptic modalities. Alarm patterns (i.e., signal profile)
are defined by attributes like modality (i.e., human senses engaged), duration (i.e., continuous
active period), repetitions, and pauses (i.e., inactive period). Workers may react to an alarm
pattern by moving, turning their heads, or pressing a device button (Gambatese et al., 2017;
Qin et al., 2022; Thapa & Mishra, 2021). Transportation safety research is exploring how to
optimize these alarm attributes to enhance worker responses to traffic hazards (Lordianto et
al., 2024; Sabeti et al., 2024; Yang & Roofigari-Esfahan, 2023).

As these wearable warning devices and optimized alarm attributes become
implemented in roadway work zones, human factors and occupational safety challenges may
persist regarding the consistency of workers’ alarm reactions. Different workers may have
varied individual preferences for specific alarm patterns (Haghighi et al., 2020; T. Li et al.,
2022; Papachristos et al., 2020; Seifi et al., 2014). As observed in various human worker
fields (e.g., nursing, general construction), repeated exposure to the same patterns can lead to
alarm fatigue, reducing vigilance toward safety hazards (Blackmon & Gramopadhye, 1995;
Camci et al., 2020; Chae & Kang, 2021; Lee et al., 2019). This phenomenon suggests that
constantly raising the same alarm pattern can even cause workers to become less vigilant and
responsive (i.e., desensitize) towards traffic hazards over time. Therefore, there is a need to
adapt the alarm patterns according to each individual roadway worker’s response over the
course of their construction workday, ensuring their consistent reactions for their life safety

(i.e., prevent injury or death).



State-of-the art algorithms, such as reinforcement learning (RL), have proven to be
robust approaches to optimizing control systems in dynamic (i.e., nonstationary)
environments, such as video games and robotic controls, without requiring prior domain
knowledge (Mnih et al., 2013; Silver et al., 2016). Given the uncertainties in worker
preferences and alarm fatigue, controlling alarm patterns is a non-stationary problem (i.e.,
fixed rules for actions may not perform well), making RL well-suited to address the future
challenges of wearable alarms in roadway worker safety. RL-based alarm controls can
potentially ensure workers react more consistently to both alarm patterns and the traffic
hazards that trigger them.

Implementing RL-based alarm control in wearable devices for roadway work zones
faces key challenges, especially in developing the control system without endangering
workers. Limited work zone safety data leave critical components, like the RL agent state
and reward function, undefined. Yet the reward function significantly impacts how RL-based
alarms promote specific worker reactions to traffic hazards. A basic approach would be to
equally reward all types of worker reactions (e.g., body movement= +1, head turn=+1). But
ideally, rewards should reflect the relative importance of specific reaction based on empirical
evidence relating to worker safety risks. With such detailed safety data unavailable, different
RL reward functions that prioritize each type of reaction should be evaluated to confirm if
roadway workers perform the corresponding type of reaction more frequently. This
sensitivity analysis can then guide how the reward function should be fine-tuned once more
data on real-world worker reactions to traffic hazard alarms are observed.

Towards deploying RL-based alarms to ensure roadway worker safety from traffic
hazards, this study leverages wearable alarm user studies with human workers on an
integrated virtual reality (VR) and traffic simulation platform to provide a data-driven

environment for training RL alarm agents. Results analyze how different RL reward



functions produce agents that raise different alarm patterns at different frequencies, which
ultimately impacts the frequency of different types of worker reactions (e.g., body move,
head turn). The main contribution of this paper is demonstrating a methodology for training
an RL agent controlling alarm patterns to encourage specific types of worker reactions based
on the agent’s specific reward function definition prioritizing those reactions. This
methodology informs the future engineering process (i.e., fine tuning reward weights) of RL-
based alarm control systems for promoting safe and consistent roadway worker reactions to

traffic hazards.

2. Background

Reinforcement learning (RL) is a machine learning paradigm distinct from supervised and
unsupervised learning, training agents through interactions with dynamic environments and
delayed reward (Mnih et al., 2013; Silver et al., 2016; Sutton & Barto, 2022). Studies
focusing on RL with human feedback (RL-HF) optimize actions around uncertainties in
human behaviour and has notably improved chatbot responses (e.g., ChatGPT, Claude) with
feedback from human user ratings (e.g., thumbs up/down) (Lambert et al., 2023). While RL-
HF has not yet been applied to alarm controls for human workers, some studies have trained
RL agents to convey safety risks through haptic feedback in VR games for human players in
VR games (Brenneis et al., 2022; Pilarski et al., 2022).

A key challenge in RL-HF is the need for large-scale human training data, either
addressed by standalone offline simulations of humans in RL training environment (i.e., self-
play) (Silver et al., 2016) or online training with real human users (Pilarski et al., 2022).
Offline RL is typically more practical (i.e., only run computer simulations) but requires a
realistic representation of human behaviour for training. Online RL, on the other hand, can

have significant costs and safety risks (e.g., healthcare, autonomous vehicles) (Figueiredo



Prudencio et al., 2024). Recognizing this tradeoff, this study trains an RL alarm agent offline
in a data-driven environment with a machine learning-based worker model replicating how
human workers behaved in a lab-controlled VR-traffic simulation platform. This offline data-
driven environment approach can serve as an effective “pre-training” of RL alarm agents

before they continue learning online with real human workers (i.e., offline-to-online RL).

2.1 RL Applications in Construction and Traffic Safety

Previous RL studies in transportation safety have addressed traffic control and autonomous
vehicles (Du et al., 2023; Lichtlé et al., 2023), while construction safety studies have focused
on heavy equipment (e.g., cranes) and robotics (e.g., drones) (Amani & Akhavian, 2024;
Asghari et al., 2022; Cai et al., 2023). Although RL is widely applied in construction for
energy efficiency (e.g., building systems) and labor productivity (e.g., robotic bricklaying),
studies addressing human worker safety are rare (Asghari et al., 2022). When research studies
do consider human safety, RL typically optimizes the movement of hazards, such as
preventing vehicle-pedestrian collisions (Lichtlé et al., 2023) or avoiding worker-equipment
accidents (Cai et al., 2023; Wang et al., 2024).

However, RL applications for controlling alarms for human workers’ safety remain
unexplored. The closest related construction worker safety study used VR to simulate
physical labor tasks (e.g., lifting) and proposed using RL to provide visual warnings (e.g.,
color-coded figures, text) to improve worker posture (Akanmu et al., 2020). Akanmu et al.
did not implement or test the performance of RL algorithms, citing a need for significant data
from construction worker behaviour. Recognizing these challenges, this study collects
extensive data (N=255) on different alarm reactions from human workers (n=22) in a
simulated roadway work zone (i.e., VR-based). A machine learning worker model based on

that collected data enables this study to run numerous episodes (i.e., bootstrapping) for



training RL alarm agents offline. This approach is an effective compromise between the
ethical challenges of training RL in real-world work zones and time-consuming human

subject testing within controlled lab settings.

2.2 Action-Value RL Methods

While advanced RL algorithms are widely applied in video games and transportation
systems, this study investigates the feasibility of RL with the contextual multi-armed bandit
for roadway worker safety alarm controls. The contextual bandit is a widely used form of
associative action-value methods in RL (Sutton & Barto, 2022). In its most generic form, an
action-value RL agent learns to estimate the expected reward, ¢, that results from taking each
possible action, a;, given the environment state, s,, at timestep, t. The agent then chooses the
greedy (i.e., optimal) action based on which action has the highest expected reward, as

presented in equation (1) (Sutton & Barto, 2022).

a; = argmax(E[r | s, a;]) (1)
a

The term “multi-armed bandit” refers to an agent that tries to play multiple slot
machines with unknown payouts (reward) and learns via trial-and-error which slot machine
arm levers (actions) to pull to earn the highest payout (i.e., maximize reward). A simple
multi-armed bandit (no context) focuses only on the immediate reward, 7, observed after an
action, a;, and ignores the state, s;. Contextual bandits extend this approach by also
associating the immediate reward to both the action, a;, and state, s, (i.e., context). For
example, in this study, the contextual bandit will select among 12 possible alarm patterns
(1 < a; < 12) based on a state vector, s;, of numerical features representing aspects of a

roadway worker’s safety, such as the safety (0 or 1) of their work zone position and safety (0



or 1) of their gaze direction (i.e., where they are looking), resulting in a vector like [1, 0] for
safe position and unsafe gaze direction.

The contextual bandit with an upper confidence bound and linear payoff model
(LinUCB) estimates rewards based a computed ceiling (upper bound) on expected rewards

for all actions. Equation (2) below illustrates the LinUCB bandit’s greedy action, where x; ,

represents the context that the bandit considers when selecting an action, a;.

a, = argmax(xt,aTaa +a \/xt,a"' Aa_lxt,a) (2)
a

In simple cases, the context term, X, in equation (2), can be the same as the state, s,,
in equation (1). For example, earlier works have proven contextual bandits can excel in
recommending news article links (actions) based on user clicks (reward) (L. Li et al., 2010;
Tang et al., 2014). For their context, x; 5, those earlier works defined a feature vector
incorporating displayed article topics (e.g., editor tags) to consider when recommending
alternative articles. Details on how the other parameters in Equation 2 can be found in earlier
publications (L. Li et al., 2010; Sutton & Barto, 2022).

Although less advanced than deep RL methods (e.g., DQN, PPO), contextual bandits
have been proven effective in selecting discrete actions (e.g., web article links) based on
human behavior (e.g., user clicks). This aligns with this study’s goal of adapting alarm
patterns to changing worker reactions (e.g., body movements, head turns). A prior study by
the research team found contextual bandits more interpretable than deep RL for alarm control
(Lu et al., 2024). Given the novelty of RL in roadway worker safety, defining the RL alarm
agent’s reward function is a critical challenge for the transportation industry. The study
examines the impact of different reward functions using only the contextual bandit as the RL

alarm agent in question.



3. Research Method

The study proposes a methodology consisting of two major phases (Figure 1). Phase 1 collects
data on how human roadway workers behave in roadway work zones and react to wearable
alarm patterns triggered by traffic hazards (e.g., speeding or intruding vehicles). This phase
leverages an integrated VR-traffic microsimulation platform to safely collect data on workers
in otherwise life-threatening scenarios (see Section 3.1). The collected data is then used to
develop a worker model replicating how humans behaved in the work zone and reacted to
different alarm patterns. Phase 2 involves training RL agents (i.e., contextual multi-arm bandit)
to optimize the selection of alarm patterns for roadway worker safety and conducting
sensitivity analysis of various RL reward functions on the frequency of different types of
worker reactions (body move, head turn) (see Section 3.2). With the use of statistical and
machine learning models replicating the human worker alarm reactions, the roadway worker

model constitutes as part of the data-driven environment for training the RL alarm agent (see

Appendix for details).
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Figure 1. Overview of research methodology for training RL alarm agent.
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3.1 Data collection on human workers with wearable alarms in immersive VR-traffic

microsimulation platform

Phase 1 of this study leverages an integrated VR-traffic microsimulation platform developed



in prior work by the research team, utilizing Simulation of Urban Mobility (SUMO)
simulations to synchronize realistic traffic flows around roadway work zones modelled in
Unity VR (Ergan et al., 2022). Given practical and ethical challenges in data collection on
human workers reactions in real traffic hazard scenarios (i.e., testing workers reacting to real
speeding cars), this platform enables the safe testing of alarms on human workers within an
immersive high-fidelity virtual environment resembling roadway work zones. A prior pilot
study by the research team conducted wearable alarm user studies on the platform and
devised methods of analysing worker reactions (body move, head turn, watch press) to alarm
patterns with varied attributes (Qin et al., 2022). Building on this preliminary analysis of
alarm attributes, this study collects data from human workers on the VR-traffic platform to
develop sophisticated controls that vary those alarm attributes based on worker reactions.
While this study uses VR-based human worker data, ongoing real-world tests have shown no
statistically significant differences in response times, suggesting the data collected here for
training RL agents is representative of natural human reactions (Zhang et al., 2024).

Under IRB IRB-FY2020-3946, the research team invited human participants to
wearable alarm user studies on the VR-traffic simulation platform to capture data on how
workers react to randomized alarm patterns while conducting roadway work zone
construction activities (Figure 2). Each participant in the interactive VR simulation
performed a typical polyvinylidene difluoride (PVDF) traffic sensor installation on an urban
highway (e.g., saw cutting pavement, installing cable inside saw-cut). During these tasks,
SUMO randomly generates traffic hazards (e.g., speeding or intruding vehicles) to trigger one
of twelve distinct alarm patterns (see Figure 3) with different modalities, durations, and
repetitions on a wearable warning device (e.g., smartwatch). Data collected from both how

human workers behaved (i.e., while doing sensor installation without alarms) and reacted to



the alarms form the basis of a data-driven roadway worker model used later to train the RL

alarm agent in this study (see Table 1).
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Figure 2. Integrated VR-traffic microsimulation platform for collecting data (see Table 1) on

how human roadway workers react to wearable alarm patterns received (see Figure 3).

The twelve alarm patterns encompass three different modalities (haptics only, sound
only, and sound and haptics combined), two different durations (60ms and 350 ms) and two
repetitions (once or twice). These specific patterns were defined with those attributes after
earlier pilot study tested a wider range of alarm attributes showing that pause period had
minimal impact on workers’ reactions compared to other attributes (Qin et al., 2022). Alarm
patterns were also kept to under 1 second in total notification period, providing workers
enough time to react to the traffic hazards that trigger the alarm (AASHTO, 2018; Luo et al.,

2016).



MODALITY PATTERN 1 PATTERN 2 PATTERN 3 PATTERN 4

haptics only

PATTERN 5 PATTERN 6 PATTERN 7 PATTERN 8
PATTERN 9 PATTERN 10 PATTERN 11 PATTERN 12

sound+haptics ||ﬂlIﬂlI|||-|ll||ﬂ|l|||n||ll||l|||mn ||||III|I||u|[||I|I|I|uu[||||||l|mm |||||\||\..‘..n|||u||‘..‘..‘..[|||m..‘..‘..‘..‘

sound only

DURATION
REPETITIONS
PAUSE PERIOD

Figure 3. Alarm patterns tested on human roadway workers in wearable alarm user studies.

A total of 22 people participated in the wearable alarm user studies, with ages ranging
from 22 to 52, 18 (82%) male and 4 (18%) female. Eight (36%) of the participants had prior
construction experience (mean = 6.6 years), including in roadway work zones. No
participants reported hearing or vision problems prior to data collection. The number of
alarms experienced per participant varied based on how quickly they completed the
construction tasks and the randomized traffic hazards generated by SUMO. Each participant
typically reacted to twelve alarm patterns in their one-hour user study session allotted by
IRB. Overall, a total of N=255 different human worker reactions to randomized alarm
patterns were captured in these user studies.

Table 1 illustrates the how the raw data collected from user studies is processed for
the roadway worker model and its implications for RL agent training in Phase 2 (see Section
3.2). Specifically, Table 1 identifies how processed data is used for 1) modelling worker
behaviour (e.g., safe/unsafe work zone position) to then provide for the RL agent’s input
state, and 2) modelling worker reactions to alarms (e.g., head turn) to then provide for the RL

agent’s reward function.



Table 1. Data collected and processed from human roadway workers in wearable alarm user

studies for roadway worker model and RL alarm agent.

button press

Raw Data Processed Data Worker Model | RL
Component Component

Worker’s VR Safe/unsafe work zone position Behaviour State
headset position - il
(x,y,2) ;
Worker’s VR Safe/unsafe worker gaze direction | Behaviour State
headset =
orientation |
(quaternions) =0y

%
Vehicle Minimum distance between Behaviour State
positions in vehicles and work zone
Unity
environment T

-
Worker’s Percent progress of construction Behaviour Terminate
progress in (%) episode loop
sensor
installation
procedure
Alarm pattern Alarm pattern and previous alarm Reaction Reward
pattern worker experienced
Worker’s VR Worker moves body to evade traffic | Reaction Reward
headset position | hazard after alarm pattern
=

(X7y’Z) ﬂ ° |
Worker’s VR Worker turned their head after Reaction Reward
headset alarm pattern
orientation ‘_,J ‘ P
(quaternions) %é T
Smartwatch/VR | Watch press response time after Reaction Reward
controller alarm pattern

The following describes how data was processed from raw data collected during user

studies into a data format for use in RL training environment (state, reward):




Safe/unsafe work zone position: The worker’s position is recorded during user
studies as X,y,z coordinates in the Unity VR environment. The participants generally
moved around 2.7x2.7m square area in the lab space. The resulting work zone in VR
environment was around 3.8m in width, spanning the diagonal (i.e., hypotenuse) of
that square area. Given this space, the worker’s position in the work zone was then
labelled as unsafe (data value=0) if they were in the outer third (~1.3m) span near
traffic and safe (data value=1) otherwise. While traffic worker safety standards do not
have recommended distances workers should stand from the traffic edge of the work
zone (i.e., lateral buffer spacing), pedestrian safety studies have assumed similar
distances between humans and vehicles as being high-risk (Zuo et al., 2020).
Safe/unsafe worker gaze direction: The worker’s head orientation was recorded as
quaternions per Unity’s convention for reporting object rotations (Unity
Technologies, 2023). These quaternions are converted into a 3D vector representing
the worker’s gaze direction (i.e., normal vector of the worker’s facial plane). The
worker’s gaze direction was considered safe if they were facing towards the traffic
side and unsafe if not.

Minimum distance between vehicles and work zone: The distance between
vehicles and the work zone in Unity was recorded at every timestep. The minimum
distance between the vehicles and work zone was then used for the roadway worker
model development.

Percent progress of construction: Workers in the VR simulation had to complete
eight steps in the traffic sensor installation procedure. Their progression through these
steps was recorded and processed as a percent completion.

Alarm pattern: All alarm pattern IDs (see Figure 2) a participant experienced are

recorded. The sequence of alarm patterns can play a role in alarm fatigue especially



with the same pattern persistently raised throughout a workday. Worker reactions to
each alarm pattern are analysed within a 3 second timeframe after the alarm,
consistent with expected reaction times in traffic and construction safety standards
(AASHTO, 2018; Luo et al., 2016).

e  Worker moves body after alarm pattern: After a worker receives an alarm pattern,
their VR head position may quickly change to indicate that they have moved their
entire bodies in response. If this rate of change is observed in the raw time series data
within 3 seconds after the alarm pattern, that particular reaction to that alarm pattern
instance was labelled safe (data value=1), unsafe otherwise (data value=0).

e Worker turned their head after alarm pattern: After a worker receives an alarm
pattern, their VR head orientation may quickly change to indicate that they have
turned their heads in response. If this rate of change is observed in the raw time series
data within 3 seconds after the alarm pattern, that particular reaction to that alarm
pattern instance was labelled safe (data value=1), unsafe otherwise (data value=0).

e Watch press response time: All participants were instructed by research staff to
press the watch screen or VR controller button once they noticed the alarm pattern
(hear/feel). If the timestamp of this smartwatch response is observed in the raw time
series data within 3 seconds after the alarm pattern, that particular reaction to that
alarm pattern instance was labelled safe (data value=1), unsafe otherwise (data

value=0).

As listed in Table 1, each category of processed data informs a data-driven model of
how human roadway workers behave (i.e., every timestep) and react (i.e., times when alarm
active) to specific alarm patterns, generating respective values for the state and reward inputs
of an RL agent. This roadway worker model enables this study to run numerous offline

training episodes for RL alarm agents (i.e., bootstrapping), allowing the RL alarm agent to try



raising any sequence of alarm patterns to after multiple traffic hazards approach the work
zone. Details on how the worker behaviour and reactions are modelled using statistical (e.g.,
log normal distributions) and machine learning methods (e.g., transformers) is provided in the
Appendix. Details on how the worker model’s generated values for behaviour and reaction

feed into the RL agent’s inputs for state and reward are explained in the next section.

3.2 Training RL alarm control agents and evaluating reward function variations on

roadway worker safety

The RL paradigm consists of an agent learning to select actions based on an observed state
from the environment to maximize a reward. The agent learns over the course of many
episodes, which end when the environment reaches a terminal state. Applying RL algorithms
to the problem of roadway worker alarms requires that these components need to be
numerically defined. Figure 4 illustrates the typical episode loop for training the RL alarm

agent within a data-driven simulation environment.
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Figure 4. Definitions of RL agent’s environment, state, action, and reward function.

The following paragraphs detail the environment, state, actions, and reward
components of RL alarm agent:

Environment: The RL alarm agent's external environment includes both the traffic
vehicles’ movements computed by SUMO traffic simulation and a roadway worker model
representing how human workers behave and react to different alarm patterns. These two
components of the environment generate the input values for the RL alarm agent's state and
reward. The environment’s episode loop continues to run at every SUMO traffic simulation
timestep (0.1s) and ferminates when the roadway worker model predicts a 100% construction
progress, indicating the worker has completed all construction tasks (i.e., sensor installation).

State: At every timestep, SUMO calculates traffic vehicle locations and the minimum
vehicle-to-work zone distance is computed. The roadway worker behaviour model
recursively generates values for percent worker construction progress and whether it has a
safe or unsafe work zone position and gaze direction. Specific details on how these aspects of

worker behaviour are modelled can be found in the Appendix, under Figure A1. When



SUMO generates a traffic hazard (e.g., speeding or intruding vehicle) a vector of numerical
features (e.g., [20.1, 1, 0, 140.2, 0, 0]) is given to the RL alarm agent as its state. These vector
features include time elapsed in the episode [seconds], the worker’s safe/unsafe position and
gaze direction [0 or 1], vehicle to work zone distance [meters], number of previous alarms
worker experienced, and the most recent previous alarm pattern it raised [1-12, 0 if none].
The last two parameters can be important inputs for the RL agent to account for potential
alarm fatigue effects to be investigated in future studies.

RL Agent and Actions: Based on this state, the RL agent selects among the 12
possible alarm patterns (Figure 3) to raise to warn the worker of the traffic hazard. Given this
study’s choice of LinUCB contextual bandit, the state vector is set equal to the context, x5
in equation (2), for the RL agent to estimate an expected reward for each possible alarm
pattern. Per Equation (1), the alarm pattern with the highest expected reward, a,, is selected
and raised to the roadway worker model.

Reward: Once the RL alarm agent selects an alarm pattern, the roadway worker
reaction model predicts three types of binary worker alarm reactions [0 or 1]: body move,
head turn, and watch press. Specific details on how the model predicts worker reaction can be
found in the Appendix, under Figure A2. The reward signal fed back to the RL alarm agent is
computed based on the predicted reactions and the specific reward function definition. Four
possible definitions of reward functions are considered in this study, each with their own
weights (i.e., priority) assigned to the three types of worker alarm reactions. These sets of
reward weights are listed in Table 2. To the best of authors’ knowledge, no large work zone
safety dataset exists relating specific worker alarm reactions to fatal injuries that can justify a
particular set of reward weights. This study therefore explores the impact of different reward
function weights on how an RL alarm agent may select different alarm patterns and the

consequent differences in worker reactions. The maximum possible reward is +10 as an



experiment control across testing different reward functions. In all four reward functions, the
RL agent receives a -10 penalty if the worker model does not react at all to signal ineffective

alarm patterns and indicate potential alarm fatigue.

Table 2. Definitions for four different sets of reward weights for each of the three types of

worker reactions.

Reward Weight

Definition
Type of worker |1 11 i Vi
alarm reaction
Body move +3.33 +6 +3 +1
Head turn +3.33 +3 +6 +3
Watch press +3.33 +1 +1 +6
Max Sum +10 +10 +10 +10
No reaction -10 -10 -10 -10

Four separate contextual bandit RL agents are trained under the four different reward
functions. This study uses an g-greedy algorithm, a typical method which forces the agent to
choose a random action with a probability of € at the outset of training [15]. To encourage
exploration, € is set equal to 1 (i.e., 100% random) for the first 120 alarm patterns each RL
agent tries during training. The probability € then decays exponentially to 0.1, shifting each
RL agent to gradually follow its policy (i.e., greedy action) over 100 training episodes. To
evaluate the effects of the different reward functions, the four RL agents undergo 100 test
episodes where they always choose greedy actions without updating their policy. Test results
can reveal the potential impact on worker reaction dues due different alarm control policies

that the contextual bandits learned during training under different reward functions.

4. Results

Table 3 shows the descriptive statistics on reward earned by RL agents after each alarm,
under different reward function weights in training and test episodes. RL agents trained in

each of Table 2’s reward function definitions (I-IV) achieved a higher reward on average



after each alarm in test episodes compared to training episodes, indicating effective RL

training. All subsequent results are specific to test episodes only.

Table 3. Statistics on rewards after each alarm raised by RL agents during training and test

episodes.
I 11 111 v
train test train test train test train test
n 229 238 241 232 256 252 248 242
u 7.18 9.44 8.49 9.54 8.43 9.28 6.61 8.54
std 3.97 1.25 2.77 1.07 3.13 2.27 4.03 2.81

Figure 5 displays the frequency of alarm patterns raised during test episodes by
different RL agents trained under different reward function weights. Trained under equal
reward weighted function (I), the RL agent only raises alarm patterns 12, 4, 1, 10, and 6
during test episodes. Alarm patterns 1 and 4 are of the “haptics only” modality. Alarm
patterns 10 and 12 are of “sound and haptics” modality and both have a continuous duration
of 350ms. Under all reward weights, the RL agent raises alarm pattern 12 most frequently. In
terms of modality, all reward weights result in an RL agent raising “haptics only” (1-4) and
“sound and haptics” modality alarm patterns (9-12) more frequently than "sound only" alarm
patterns (5-8). Looking at specific alarm patterns, it appears that shifting the reward weights
away from watch press reactions (function I vs II and III) results in an RL agent that raises
alarm pattern 4, 10 and 12 less frequently. This can denote that RL agents may have
recognized that alarm pattern 4, 10 often results in a watch press reaction, but not a head turn

or body move reaction from the worker.
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Figure 5. Frequency of alarm patterns raised during test episodes by different RL agents

trained under different reward function weights (I-IV).

Table 4 details the distribution of rewards the different RL agents achieve after each
alarm pattern they raise during test episodes. Under the equal-weighted reward function (1),
the RL agent achieves either a reward of +10 or +6.67 after each alarm, indicating the worker
reacts to each alarm in either all three, or two out of three possible ways. The RL agent never
gets a penalty of -10, meaning none of its alarms result in no worker reactions. This suggests
that workers are reacting more consistently to this particular RL agent’s chosen alarm
patterns. With a weight shift to prioritize body move reactions from +3.3 to +6, reward
function II results in an RL agent achieving a reward of +10 or +9 most often, achieving a
higher mean reward compared to reward function I. Rewards indicate that the worker either
reacted to each alarm in all 3 possible ways (+10) or only moves their body and turns their
head (+6 + 3). With a similar shift towards head turn reactions, reward function III results in
an RL agent achieving the reward of +9 more often than that of reward function II, but also
sometimes gets a -10 penalty, indicating that the workers occasionally do not react at all.
When the reward function IV prioritizes watch press reactions, the RL agent achieves a
reward of +10 and +4 most often but gets a rare -10 penalty. This indicates the worker either
reaction to each alarm in all 3 possible ways (+10) or only moves their body and turns their
head (+3+1). Note that while reward function IV’s distribution in Table 4 has changed

compared with reward functions II and III, the implications on worker reactions are still



similar. The difference in reward distribution is more of a result of the changing of reward

weight assignments.

Table 4. Detailed statistics on the distribution of reward per RL alarm pattern during test
episodes under different reward function weights (I-IV).

Reward Statistics

Reward Bin Counts (%)

n std
| 9.4 1.3
11 9.5 1.1
111 9.3 2.3
v 8.5 2.8

145
(57.5%)

[9,10) [6,7) [4,5) [3:4) [1,2) -10
40
(16.8%)
68 1 1 4
(293%)|  (04%)|  (04%)| (1.7%)
100 3 1 3
(39.7%)|  (1.2%) 0.4%)|  (1.2%)
52 3 1
Q1.5%)|  (1.2%) (0.4%)

Figure 6 illustrates how differently workers reacted to the alarm patterns raised by RL

agents trained under different reward function weights. Looking at each possible worker

alarm reaction individually, Figure 6 shows that workers move their bodies and turn their

heads for nearly all RL alarm patterns, regardless of reward function weights. As a result of

decreasing the watch press reward weight, workers press the watch screen less often to alarm

patterns raised by RL agents trained under reward functions II and III, compared with reward

weight [ and IV.
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Figure 6. How workers reacted to the alarm patterns raised by RL agents trained under

different reward function weights (I-IV).



This result is unsurprising given Figure 5 showing generally similar distributions of
alarm patterns overall and especially with respect to alarm pattern 12 (sound and haptics
modality combined, duration of 350ms, repeated twice). These results are also consistent with
the data collected from human VR user studies used to train the worker model (see Appendix
Figure A3), which show more variation in watch press reactions to different alarm patterns
than body movement and head turn reactions. Overall, Figure 6 illustrates how different
reward weighted functions for training RL alarm agents may lead to specific worker

behaviours being promoted or demoted.

5. Discussion

Findings from this study demonstrate that training RL alarm agents with reward functions off
different weights for different types of roadway worker reactions can change the variety of
alarm patterns raised by each agent. However, under all reward weights, the “sound and
haptics” alarm pattern with the greatest continuous duration and number of repetitions (alarm
pattern 12) is the dominant RL agent selection. Sound only modality alarms are least often
raised by the RL agent. These potential alarm control policies are in line with
recommendations from other roadway safety studies finding workers preferring alarms with
combined modalities and struggling to hear sound alarms amidst noisy work zone
environments (Abdallah et al., 2024; Gambatese et al., 2017).

With reward functions that prioritize watch press reactions less (weight definitions II
and III), Figure 5 shows that the RL alarm agent learns policies to choose alarm patterns 4,
10, and 12 less frequently. Alongside trends in Figure 6, results indicate that when the RL
agent raises those alarm patterns less frequently, roadway workers press the watch screen less
often. While pressing a wearable warning device screen or button may not be the most

important life-saving form of worker reaction to a traffic hazard, these trends demonstrate the



potential downstream impact of changes in RL reward functions on which alarm patterns are
raised and consequent worker reactions for their safety.

Results in Table 4 point towards the equal weighted reward function I being the best
for producing an RL alarm agent that ensures a roadway worker consistent safe reaction to
traffic hazards. Unlike reward functions III and IV, the RL agent under reward function I
achieves the reward +10 most often and never gets a penalty of -10. Therefore, workers
appear to consistently respond with all 3 possible reactions and never get desensitized to the
alarms under reward function I (i.e., no alarm fatigue). In terms of roadway safety
implications, this suggests that reward function I trains the most effective RL agent to raise
alarm patterns that prompt workers to consistently react to traffic hazards. As RL-based
alarms become widely implemented in work zones, public safety agencies should expand
data collection to include specific worker reactions and fatal injury rates. These statistics can
help develop a domain-informed RL reward function before real-world work zone

implementation.

6. Conclusions

Future studies will investigate how to implement online RL alarm agents in both controlled
lab settings and real-world work zones, with human participant demographics more
representative of US roadway workers. Given this study’s method using only a multi-arm
contextual bandit, future work will also investigate other RL algorithms (e.g., DQN, PPO).
Studies will also examine the sequences of alarm patterns and their effects on workers’ alarm
fatigue in their reactions. Overall, this work demonstrates the feasibility of using RL
algorithms to control alarms for roadway worker safety from traffic hazards. Using a VR-
traffic platform, this study collects data on worker reactions to alarm patterns to train an RL

alarm control agent. The study defines the RL alarm agent’s state, actions, and different



reward functions within a data-driven environment and explores four reward functions
prioritizing different worker reactions. Assigning equal reward weights to all reaction types
leads to more consistent and safe worker reactions to traffic hazards, while reducing reward
weights for specific reactions (e.g., watch press) decreases their frequency. These findings
can guide transportation safety practitioners in adopting RL alarm agents and fine-tuning
their reward functions to promote safe and consistent worker reactions in real-world roadway

work zones.
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Appendix

The roadway worker model generates output data for the RL agent state and reward based on

input data. Each piece of model output is explained in terms of relevant inputs and statistical

and machine learning modelling techniques.

A.1 Modelling worker behaviour

Worker model always generates an output/predictions in the RL episode’s future timestep

based on input data in the current timestep/time elapsed. All raw data for the worker

behaviour was recorded during the user studies at a timestep of 16.6ms (~60Hz VR headset

display framerate) and then interpolated (i.e., downsampled) to 100ms (10Hz) timesteps used

in RL training episodes (i.e., shorter real-time training with fewer overall timesteps)
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Figure A1. Worker behaviour model for generating states for RL agent (see Figure 4)

Worker behaviour model output data: Worker construction progress (0-100%)

Relevant input data: Episode time elapsed, prior time step construction progress



How output is modelled given input data: The mean and standard deviation times it took
human workers to complete each step of the traffic sensor installation was computed. A log
normal distribution based on those computed means and standard deviations predicts the time

the roadway worker model took to complete each step.

Worker behaviour model output data: Safe/unsafe work zone position (0 or 1)

Relevant input data: Worker construction progress, prior time step safe/unsafe work zone
position, RL agent alarm pattern active/not

How output is modelled given input data: The average time period a human worker
continuously remained in a safe or unsafe position was computed from the user studies
dataset. The roadway worker model position remains safe or unsafe until that time passed in
the episode. Then the worker model changes its position safety based on the probability of
how often human workers were in safe/unsafe positions in each stage of construction
progress during the user studies. This probability also depends on whether the RL alarm

agent has activated an alarm pattern or not.

Worker behaviour model output data: Safe/unsafe gaze direction (0 or 1)

Relevant input data: Episode time elapsed, prior time step safe/unsafe gaze direction, alarm
pattern active/not, RL agent alarm pattern active/not

How output is modelled given input data: The average time period a human worker
continuously remained in a safe or unsafe gaze direction was computed from the user studies
dataset. The roadway worker model gaze direction remains safe or unsafe until that time
period passed in the episode. Then the worker model changes its gaze direction safety based

on the probability of how often human workers were in safe/unsafe gaze direction over the



time elapsed in user study simulations. This probability also depends on whether the RL

alarm agent has activated an alarm pattern or not.

A.2 Modelling worker reactions

Worker model only generates predictions once RL alarm agent selects an alarm pattern.
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Figure A2. Worker reaction model for computing RL agent reward (see Table 2)

Worker reaction model output data: Head turn reaction (0 or 1)

Relevant input data: Current RL alarm pattern (1-12), previous RL alarm pattern raised (0 if

none), minimum distance between work zone and vehicles

How output is modelled given input data: Transformer machine learning model predicts

the head turn reaction (1 or 0) based on the above inputs. Accuracy of predictions for the

collected user study dataset shown in Figure A3 below.

Worker reaction model output data: Body move evading traffic hazard (0 or 1)



Relevant input data: Current RL alarm pattern (1-12), previous RL alarm pattern raised (0 if
none), worker’s head turn reaction (1 if reacted, O if not)

How output is modelled given input data: Transformer machine learning model predicts
the body move reaction (1 or 0) based on the above inputs. Accuracy of predictions for the

collected user study dataset shown in Figure A3 below.

Worker reaction model output data: Watch/VR controller button press (0 or 1)

Relevant input data: Current RL alarm pattern (1-12)

How output is modelled given input data: The probability that human workers pressed the
watch screen/VR controller button for each alarm pattern was computed. Among the human
workers that did press the watch/VR controller button, a mean and standard deviation
response time was computed as well. The roadway worker model, given the RL alarm
pattern, first computes the probability it will press the watch screen or not. If so, a log normal
distribution defined by the mean/std for the RL’s chosen alarm pattern predicts a response
time. If that response time is within 3 seconds, the worker model’s final output for watch

press reaction is 1, otherwise 0.

The above methods for modelling each type of worker alarm reaction yielded fairly
accurate predictions (blue/dark grey) compared to the reactions observed dataset (green/light
grey) collected from human worker wearable alarm user studies (Figure A3). The model’s
generated worker reactions during RL alarm agent training and testing can be considered

realistic given these accuracies.
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