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ABSTRACT

Collisions between mobile industrial equipment and pedestrian workers remain a major 
source of serious injuries and fatalities on construction sites, accounting for 8% of 
reported fatal accidents in Quebec, Canada. In response, proximity detection systems, 
including artificial intelligence (AI)-based camera systems providing automated 
pedestrian detection, have been introduced to support collision avoidance. Adoption 
of AI-based camera systems is increasing due to their logistical simplicity compared 
with RFID-based solutions, but their use on construction sites remains limited and 
exploratory. Consequently, field-based evidence on how these systems interact 
with real construction activities and provide added value remains limited. This study 
examines barriers and enablers to the implementation and adoption of AI-based camera 
systems for pedestrian detection on construction sites. The study is based on a multi-
case qualitative field investigation conducted across six construction sites involving 
four companies and twelve mobile equipment units. Data collection included on-site 
field observations supported by video recordings and semi-structured interviews 
with mobile equipment operators, pedestrian workers, managers, and technology 
vendors. An inductive thematic analysis identified interrelated barriers and enablers 
shaping implementation and adoption, including detection reliability, installation 
and configuration practices, interface design, worksite organization, and worker 
involvement. These findings provide field-based insights into real-world use and show 
that adoption depends on alignment across technical, operational, organizational, and 
user-related factors.
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INTRODUCTION

Mobile Equipment-Pedestrian Collisions on Construction Sites

Collisions between mobile equipment (ME) and pedestrian workers (PW) 
constitute a persistent safety problem in construction and other sectors 
involving close interaction between mobile equipment and workers, and are 
associated with severe outcomes, including fatal and serious injuries. 

In the United States, ME-PW remain a significant source of fatalities on 
construction and roadwork sites. Between 1990 and 2007, visibility-related 
incidents involving ME resulted in an average of 33 deaths per year in 
the construction sector, accounting for approximately 4% of construction 
fatalities (Hinze & Teizer, 2011). Struck-by accidents continue to occur on 
roadwork sites, with approximately 19 worker deaths recorded annually 
between 2011 and 2020 involving vehicles or equipment, and analyses show 
that nearly half of fatal struck-by accidents between 1992 and 2020 involved 
collisions with internal ME rather than external vehicle intrusions (Al-Bayati 
et al., 2023; Harris et al., 2022).

In Canada, collisions between ME and PW accounted for an average of 25 
fatalities per year between 2020 and 2022 across all sectors, including road 
construction sites involving third-party vehicles. These incidents represented 
approximately 2.5% of all occupational fatalities, with construction, 
transportation, and warehousing identified as the most affected sectors 
(Association of Workers’ Compensation Boards of Canada (AWCBC), 2024).

In Quebec, ME was involved in 41% of all serious and fatal occupational 
accidents investigated between 2013 and 2023. During this period, 34 
fatal ME-PW collisions were documented, representing 8% of all fatal 
occupational accidents, with the construction sector accounting for 56% of 
the cases (Burlet-Vienney et al., 2026).

Together, these data show that ME-PW collisions remain a recurring safety 
concern. Investigated cases indicate that such events occur not only when 
PW are located in physical blind spots, but also when they are not detected 
by operators during task execution, even while within the nominal field of 
view (Hinze & Teizer, 2011; Noll et al., 2017). This highlights the need for 
continued examination of prevention approaches addressing the detection of 
PW in dynamic construction environments.

Proximity Detection Systems in Construction and the Emergence of 
Artificial Intelligence (AI)-Based Cameras

Proximity detection systems are used to reduce the risk of collisions 
between ME and PW by detecting the presence of persons or obstacles 
within predefined zones and by providing warnings or automated control 
responses (Marsot et al., 2009; McCann, 2006; Ruff et al., 2011). These 
systems rely on several technological principles, including marker-based 
solutions (e.g., radiofrequency identification or magnetic markers worn by 
workers), markerless wave-reflection sensors (e.g., ultrasonic, radar, or laser-
based sensing), and vision-based systems using cameras (Alarifi et al., 2016; 
International Organization for Standardization, 2017; Lee et al., 2017; Li 
et al., 2019). Depending on system architecture, detection and alert processing 
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may be performed locally on the ME (embedded systems) or centrally through 
real-time localization infrastructures (Han, 2019; Kanan et al., 2018).

AI-based camera systems constitute a subset of markerless proximity 
detection technologies and use image processing to identify PW within the 
field of view and provide alerts or visual feedback to operators (Son et al., 
2019). Compared with tag-based or centralized systems, AI-based cameras 
generally require less additional infrastructure and do not rely on workers 
carrying markers, which facilitates their deployment in dynamic construction 
environments.

In recent years, AI-based camera systems have received increased attention 
in the construction sector, reflecting the availability of commercial products 
that can be installed directly on ME. This study therefore focuses on 
AI-based camera systems used for pedestrian detection on construction sites. 
Despite this interest, their use in practice remains limited and exploratory 
in the province of Quebec (Canada), with deployments confined to pilot 
implementations or isolated machines (Saidi, 2021). Uncertainty persists 
regarding system performance under real working conditions and their 
contribution to everyday safety management.

Gap in Field-Based Evidence and Study Objective

Existing research on proximity detection and AI-based camera systems has 
primarily focused on technical feasibility (Lee & Lee, 2023; Zhang, 2021) 
and detection performance under controlled or experimental conditions 
(Antwi-Afari et al., 2019; Nnaji et al., 2020; Son et al., 2019). By comparison, 
fewer studies have examined how these systems are implemented, used, and 
perceived in everyday construction activities, and to the conditions under 
which they provide added value in real working environments.

To address this gap, this study examines barriers and enablers to the 
implementation and adoption of AI-based camera systems for pedestrian 
detection on construction sites. The analysis draws on qualitative field 
evidence to document how these systems are deployed, configured, and used 
in practice, and how their use is shaped by operational, organizational, and 
contextual factors.

METHODOLOGY

This study adopted a multi-case qualitative field investigation (Yin, 1994) 
to examine the implementation and adoption of AI-based camera systems 
for pedestrian detection on construction sites. A qualitative approach was 
selected to capture contextual variability and sociotechnical interactions 
shaping system use in real working conditions. 

Ethical approval for the study was obtained from the Polytechnique 
Montréal research ethics committee (CER2324-52-D).

Data were collected across six active construction sites involving three 
different companies. Feedback from a fourth company with a non-active 
site is also included. The study included the observation of twelve mobile 
equipment units (three types: telehandler, loader, excavator) equipped with 
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AI-based camera systems for pedestrian detection. These cases are considered 
mainly as pilot studies by companies. Sites varied in terms of project type, 
work organization, and equipment use, allowing examination of system 
implementation across different operational contexts (Table 1).

Table 1: Overview of study sites, participants, ME, and camera configurations 
observed.

Type of 
Site

Participants Type of ME
Camera 
Configuration

Company 1 Industrial  
(1 site)

Equipment manager; 
ME operator

4 telehandlers 1 camera (rear)

Company 2 Civil  
(non-
active)

Occupational health 
and safety officer; 
project manager

Feedback only

Company 3 Civil  
(1 site)

Project manager; 3 
ME operator; PW; 
intern

2 telehandlers 2 cameras (rear and 
right-side)

Company 4 Energy  
(4 sites)

5 project committee 
members; 2 surveyors; 
4 ME operators, PW 

1 wheel loader 1 camera (rear)

5 excavators 2, 3 or 4 cameras 
(rear and right-side 
+ left-side + front)

On-site field observations were conducted and supported by pictures 
(Figure 1) and video recordings of working situations involving ME and PW. 
The observations documented operator–system interactions, the presence 
and movement of PW, system alerts, and operator responses during task 
execution. Video recordings were reviewed to identify and document key 
events and interactions involving ME operators, PW, and the AI-based camera 
system, and the resulting observation notes were included in the qualitative 
analysis. 

Figure 1: In-cabin screen (left) and rear-mounted camera (right) of an AI-based camera 
system installed on a telehandler.
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Semi-structured interviews (Vermersch, 2019) were conducted on the 
construction sites with ME operators, PW, suppliers, safety managers, 
equipment managers, and project managers. The interviews were audio-
recorded and transcribed verbatim to document multiple operational 
perspectives on the use of AI-based camera systems in everyday work 
situations.

All data were analyzed using an inductive thematic analysis supported 
by NVivo® software. Coding focused on barriers and enablers shaping the 
implementation and adoption of AI-based camera systems and was conducted 
iteratively, with cross-case synthesis used to examine patterns across sites. 
Themes were treated as interrelated, reflecting the combined influence of 
technical, operational, organizational, and human factors on system use.

RESULTS

The results are organized around factors influencing the implementation 
and adoption of AI-based camera systems for PW detection on construction 
sites. These barriers and enablers are presented in Table 2. The following 
subsections describe the main areas in which they were reported.

Detection Reliability, Alerts and Trust

Barriers and enablers related to detection reliability, alerts, and trust 
concerned system response and operator reliance. Enablers included reports 
of good detection, good performance under different conditions, and positive 
perceptions of alert functioning and the alarm system. The system was also 
described as contributing to the avoidance of collisions and equipment 
damage.

Barriers included false positives, false negatives, excessive detections and 
alarms, and sensitivity to conditions. Operators also reported issues related 
to the system remaining active at all times, as well as alerts activating when 
the machine was not moving. Regarding the cases with servo control, abrupt 
hydraulic blocking was noted, particularly at higher speed.

Additional barriers concerned the operator’s reliance on the system. In some 
situations, reliance on direct vision was reported, indicating limited reliance 
on alerts or camera-based detection and a preference for visual checks outside 
the cabin. In contrast, situations leading to excessive confidence were also 
reported, in which operators relied strongly on the system during equipment 
operation.

Installation and Configuration Practices

Barriers and enablers related to installation and configuration practices 
concerned both system setup and deployment conditions. Enablers included 
reports of ease of integration and limited logistical constraints, indicating 
that system installation was perceived as manageable in some contexts.

Several configuration and installation barriers were also identified. These 
included constraints related to ME configuration (e.g., achieving the required 
mounting height for the camera; mirrors partially obstructing a monitored 
zone). Barriers were also reported in relation to detection zones, as zones that 
were too large generated excessive alerts.
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The diversity of ME was reported as a factor affecting configuration, with 
differences across machines requiring specific setup considerations. Barriers 
were also reported in relation to limited service support during installation 
and deployment.

Additional configuration-related issues concerned the regular positioning 
of PW and signalers during operations.

Cabin Interface Configuration and Alert Modalities

Barriers and enablers related to cabin interface configuration and alert 
modalities concerned how system feedback was presented to operators. 
Enablers included the ease of use of the interface and a degree of flexibility, 
such as the ability to adjust alert settings (e.g., volume).

Barriers were reported in relation to auditory and visual alerts, particularly 
when alerts were too frequent. Additional barriers concerned the screen and 
display, including issues affecting the visibility or readability of information.

Worksite Variability and Configuration Transferability

Barriers related to worksite variability and configuration transferability 
concerned differences in equipment, site conditions, and operating situations. 
The diversity of ME was identified as a factor affecting how systems were 
configured and used across sites. Variations in visibility and blind spots were 
also reported, influencing detection conditions during ME operation.

Additional barriers were related to detection zones, which were described 
as not always aligning with all work situations.

Training Practices, Operator and Worker Involvement

Barriers related to training practices and operator and PW involvement were 
reported and concerned system use and understanding. 

A lack of training and limits in knowledge were reported, along with 
user error and poor habits (e.g., starting to drive the ME before the camera 
system was activated). Concerns were also reported regarding the potential 
for system use to be associated with excessive confidence.

Table 2: Identified barriers and enablers to system implementation and adoption.

Barriers Codes Enablers Codes

Alerts; Auditory alerts; Visual alerts; Installation 
and configuration; Camera configuration; Screen 
configuration; Diversity of ME; Lack of service 
support; Positioning of PW and signalers; Technical 
system performance; Abrupt hydraulic blocking; 
Screen, display; Sensitivity to conditions; System 
functional at all times (not only in reverse); Excessive 
detections and alarms; Visibility and blind spots; 
Detection zones; Usage; Reliance on direct vision; User 
errors and poor habits; Knowledge limitations; Lack 
of training; Leads to excessive confidence. 

Ease of integration; Limited 
logistical constraints; Alert 
functioning; Alarm system; 
Interface; Screen; Technical system 
performance; Good detection; 
Good performance under different 
conditions; Avoids collisions and 
damage.

Note. Codes shown in bold correspond to parent (higher-level) codes in the coding structure; non-bold 
items represent associated sub-codes.
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DISCUSSION

AI-Based Camera Systems as Non–Plug-and-Play Solutions

The findings show that the implementation and adoption of AI-based camera 
systems depend on alignment among technical characteristics, operational 
demands, organizational arrangements, and user understanding. System 
performance and use varied across contexts, indicating that these technologies 
cannot be treated as plug-and-play solutions. Rather, their contribution 
depends on how they are configured, introduced, and used within specific 
work situations. This aligns with previous work indicating that operational 
principles for defining detection zones, alerting strategies, and system actions 
in real-world contexts remain insufficiently specified (Golovina et al., 2019).

Reframing False Alarms Beyond a Technical Perspective

False alarms emerged as an important issue, but not solely as a technical 
performance limitation. The findings indicate that alerts were interpreted in 
relation to ongoing activities and operational context, and their perceived 
usefulness depended on what was happening at the time of detection (e.g. 
no risk if the ME is not moving; full alarm not required). This highlights the 
role of false alarms in shaping trust calibration, with both disengagement 
and excessive reliance reported depending on how alerts were experienced in 
practice. This is consistent with earlier assessments by INRS (2015), which 
noted the diversity and complexity of collision-risk situations and emphasized 
that proximity detection systems function primarily as information and 
warning tools rather than protective devices.

Implications for Technology Developers

For technology developers, the results emphasize the importance of 
configuration processes, alert functioning, and integration with work practices. 
Detection zones, alert modalities, and system responses need to be adjustable 
to support use across different equipment and operating situations. Attention 
to how systems behave during non-standard or unexpected conditions 
is also critical for supporting sustained use (e.g. indicate that detection is 
disabled). In this context, the findings highlight the limited applicability of 
formal standards for collision warning and avoidance systems, such as ISO 
21815-3, under variable site and operational conditions.

Implications for Occupational Health and Safety Professionals

For occupational health and safety professionals, the findings identify 
conditions under which AI-based camera systems can support risk 
management in daily work. System effectiveness was linked to organizational 
practices, including how technologies were introduced, how workers were 
involved, and how training and feedback were provided. The results also 
highlight the limits of technology-only approaches, indicating that AI-based 
camera systems support collision risk management only when embedded 
within broader organizational, training, and operational practices.
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Limitations and Future Research

The qualitative scope of this study provides detailed insights into barriers 
and enablers of implementation and adoption; however, replication would be 
difficult due to the situated, context-dependent nature of the data. In addition, 
the qualitative analysis presented should be regarded as preliminary and does 
not encompass all stages of an exhaustive qualitative analysis. In particular, 
the inter-coder agreement process was conducted as a methodological step to 
support an in-depth analysis planned for future research.

The findings are grounded in the specific regional, operational, regulatory, 
and organizational contexts in which the data were collected. Future research 
should examine the implementation and adoption of AI-based camera 
systems across a wider range of construction environments to assess the 
transferability of the findings.

Finally, the study captures initial adoption dynamics, configuration 
challenges, and early trust calibration at a given point in time. This limits 
insight into how system use, perceptions, and practices evolve over longer 
periods, indicating a need for longitudinal studies.

CONCLUSION

This study provides field-based evidence on the implementation and adoption 
of AI-based camera systems for pedestrian detection on construction sites, 
drawing on qualitative observations and stakeholder perspectives. By 
examining barriers and enablers in real working conditions, the findings 
contribute to a better understanding of how these systems are used in practice. 

The results show that AI-based camera systems can support construction 
safety under specific technical, operational, and organizational conditions. 
Their contribution depends on how they are configured, integrated into work 
practices, and understood by users, indicating that their effectiveness cannot 
be assumed independently of context.
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