
Academic Editor: Thierry Chaminade

Received: 25 August 2025

Revised: 3 October 2025

Accepted: 16 October 2025

Published: 24 October 2025

Citation: Bakzadeh, R.; Joao, K.M.;

Androulakis, V.; Khaniani, H.; Shao, S.;

Hassanalian, M.; Roghanchi, P.

Enhancing Emergency Response: The

Critical Role of Interface Design in

Mining Emergency Robots. Robotics

2025, 14, 148. https://doi.org/

10.3390/robotics14110148

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Review

Enhancing Emergency Response: The Critical Role of Interface
Design in Mining Emergency Robots
Roya Bakzadeh 1, Kiazoa M. Joao 1 , Vasileios Androulakis 2 , Hassan Khaniani 3 , Sihua Shao 4 ,
Mostafa Hassanalian 5 and Pedram Roghanchi 1,*

1 Department of Mining Engineering, University of Kentucky, Lexington, KY 40506, USA;
roya.bakzadeh@uky.edu (R.B.); kiazoa.joao@uky.edu (K.M.J.)

2 SenseLab Space Informatics, Technical University of Crete, 73100 Chania, Crete, Greece; vandroulakis@tuc.gr
3 Petroleum Recovery Research Center, New Mexico Tech, Socorro, NM 87801, USA; hassan.khaniani@nmt.edu
4 Department of Electrical Engineering, Colorado School of Mines, Golden, CO 80401, USA;

sihua.shao@mines.edu
5 Department of Mechanical Engineering, New Mexico Tech, Socorro, NM 87801, USA;

mostafa.hassanalian@nmt.edu
* Correspondence: pedram.roghanchi@uky.edu

Abstract

While robotic technologies have shown great promise in enhancing productivity and safety,
their integration into the mining sector, particularly for search and rescue (SAR) missions,
remains limited. The success of these systems depends not only on their technical ca-
pabilities, but also on the effectiveness of human–robot interaction (HRI) in high-risk,
time-sensitive environments. This review synthesizes key human factors, including cog-
nitive load, situational awareness, trust, and attentional control, that critically influence
the design and operation of robotic interfaces for mine rescue missions. Drawing on
established cognitive theories such as Endsley’s Situational Awareness Model, Wickens’
Multiple Resource Theory, Mental Model and Cognitive Load Theory, we identified core
challenges in current SAR interface design for mine rescue missions and mapped them
to actionable design principles. We proposed a human-centered framework tailored to
underground mine rescue operations, with specific recommendations for layered feedback,
multimodal communication, and adaptive interfaces. By contextualizing cognitive science
in the domain of mining emergencies, this work offers a structured guide for designing
intuitive, resilient, and operator-supportive robotic systems.

Keywords: mining robotics; search and rescue (SAR); human–robot interaction (HRI);
emergency response; robotics; workspace safety; interface design; cognitive models

1. Introduction
The rapid advancement of robotics has transformed industrial practices, moving from

isolated robotic systems to collaborative platforms that operate alongside humans in com-
plex environments [1]. In many applications, full automation remains impractical due to
technical limitations and contextual uncertainty. As a result, human–robot collaboration,
especially in high-risk or unstructured domains, has emerged as a critical focus of re-
search [2,3]. In the mining industry, one of the most critical and high-stakes applications of
robotics is in mine search and rescue (SAR) operations, where it may be too dangerous—or
entirely impossible—for humans to enter. In such scenarios, robots are deployed as remote
extensions of human responders. However, these systems must be operated effectively (of-
ten under severe time pressure) through interfaces that convey situational awareness data,
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support decision-making, and enable safe control. Poorly designed interfaces can increase
operator workload, reduce situational awareness, and compromise mission success.

While human–robot interaction (HRI) has been extensively studied in domains such
as manufacturing and defense, its application in mine emergency response remains
limited [4–6]. The unique constraints of underground mining, confined geometry, un-
predictable hazards, degraded sensor input, and communication interruptions, create
specific challenges for HRI design that are not addressed by existing interface standards.
In this context, a targeted review and discussion was conducted about interface design
for mine rescue robotics, with a focus on human-centered design principles grounded in
cognitive psychology. While earlier reviews [7,8] provided hardware-oriented summaries,
they did not systematically integrate cognitive HRI models emerging from 2023–2025
Studies [9,10]. This paper aims to synthesize and advance the field by bridging these new
findings into a cognitive-model framework for SAR interface design. This work synthesizes
insights from HRI and cognitive science to guide interface development for safety-critical
mining environments. Specifically, we address the following research questions:

− RQ1: Which human factors most critically affect the design and operation of robotic
interfaces in underground mine SAR missions?
− RQ2: How can interface design mitigate these challenges to improve operator perfor-
mance and mission safety?

To answer these questions, we draw on established cognitive models, including
Endsley’s Situational Awareness Model [11], Wickens’ Multiple Resource Theory [12],
Mental Model [13,14], and Cognitive Load Theory [15], to identify key design requirements
for SAR interfaces. We then analyze interface modalities used in existing mine rescue
robots and extract patterns of success and failure. Based on this analysis, we propose a
structured set of design guidelines aligned with the cognitive demands of SAR operations.
By answering these questions, we aim to bridge the gap between cognitive science and
robotic interface engineering in high-risk mining context. It emphasizes that human-
centered interface design is not a secondary consideration, but a mission-critical element in
ensuring effective emergency response

2. Methodology
This review adopts a narrative review, employing a qualitative and analytical ap-

proach to evaluate human–robot interaction (HRI) requirements in underground mine
rescue robotics. The methodology integrates three main components: literature synthesis,
cognitive model application, and comparative evaluation (see Figure 1).
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Figure 1. Methodological framework showing how the narrative review, cognitive model application,
and comparative evaluation are integrated to identify HRI design gaps and guide recommendations.

2.1. Literature Search and Selection

A structured literature search was conducted across major academic databases, includ-
ing IEEE Xplore, Scopus, ACM Digital Library, and Web of Science, covering the period
from 2010 to 2025. Search terms included “mine rescue robots,” “human–robot interaction,”
“situational awareness,” “cognitive models,” and “emergency interface design.”

• Records identified through database searching: ~300
• Duplicates removed and irrelevant records excluded: ~190
• Studies assessed for eligibility: ~110
• Studies included in final synthesis: 110 peer-reviewed journal and conference papers

Inclusion criteria required studies to (1) address HRI in high-risk contexts, or dis-
cuss cognitive frameworks, (2) be peer-reviewed journal or conference papers in English.
Exclusion criteria removed duplicates, non-English works.

2.2. Data Analysis

Although no formal scoring system was applied, priority was given to highly cited
and peer-reviewed works to ensure robustness and coverage of influential contributions.
The final pool of ~110 studies was systematically reviewed to identify recurring themes,
methodological approaches, and design considerations. Meanwhile, 10 technical reports
were added to the selected studies.

To guide interpretation, four established cognitive models were applied as theoretical
lenses. These frameworks provided structured insight into operator workload, decision-
making, and emergency interface design in mine rescue robotics.

2.3. Comparative Evaluation

Finally, a comparative evaluation of existing Search and Rescue (SAR) robot interfaces
was conducted. This allowed identification of design gaps, human factor implications, and
opportunities for improvement. Synthesizing cognitive frameworks with literature findings
enabled the development of design principles and recommendations to guide future HRI-
focused interface design in mining emergency robotics. These three components are not
isolated steps but interdependent elements of the review. The narrative review provided the
evidence base from 110 studies, which was then interpreted through established cognitive
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models to frame operator challenges and design principles. The comparative evaluation
subsequently mapped these principles onto existing SAR robot interfaces to highlight gaps
and opportunities for improvement. Together, these stages form a layered methodology in
which literature synthesis supplies the inputs, cognitive models provide the analytical lens,
and comparative evaluation demonstrates applied relevance in real-world mining rescue
contexts. This methodological approach directly addresses RQ1 by mapping the critical
human factors affecting interface design in underground mine SAR missions.

3. Robotic Technologies in Mining: An Overview
Robotic systems, particularly Unmanned Aerial Vehicles (UAVs) and Unmanned

Ground Vehicles (UGVs), are increasingly deployed in the mining industry to improve
operational efficiency, data collection, and worker safety. UAVs have gained wide adoption
in both surface and underground environments due to their versatility and ability to carry
advanced sensors. They support a range of applications, including ecological monitoring,
slope stability assessment, and terrain surveying. UAVs have been used to map areas
impacted by acid mine drainage, evaluate land degradation from coal mining, and create
high-resolution 3D models of mine features such as unstable slopes [16–20]. For structural
monitoring, UAVs enable detailed topographic and geological assessments [21]. UGVs
also can play a vital role in enhancing safety and automation in underground mining.
These robots are equipped with infrared cameras, gas sensors, and stereo vision systems to
perform tasks such as machinery inspection, anomaly detection, and hazard identification
in confined spaces [7,22]. Importantly, UAVs and UGVs have been adapted for high-risk
applications such as search and rescue missions, where they navigate ahead of personnel
to assess unstable areas. Notable examples of UAVs include robots like Wolverine, Gemini
Scout, and Numbat, purpose-built for mine rescue operations [22–24]. Human factors
were sometimes considered in these kinds of robots —for instance, the Gemini Scout
was equipped with simplified joystick controls and pan-tilt cameras to reduce operator
workload and maintain situational awareness in low-visibility environments [24]. However,
the Numbat system highlighted the challenges of cognitive overload under poor lighting
and terrain complexity, underscoring the need for user-centered interfaces that align with
operator mental models [7].

Search and Rescue Robots in Mining Emergencies

Rescue robots are classified as field robots, built to operate in unstructured, dynamic,
and high-risk environments. In underground mine emergencies, robotic systems face
collapsed roofs, toxic gases, water ingress, and debris, all of which can impair mobility,
localization, and sensing. These challenges often require human operators to remotely
control the robot, relying on delayed or degraded feedback. Even basic actions, such as
traversing debris or identifying hidden passages, become difficult under such conditions,
with GPS-denied environment, darkness, and communication delays. To address these
challenges, a variety of coal mine rescue robots (CMRRs) have been developed. Early
examples like RATLER [25–27] and Numbat [28–30] had basic mobility and sensing, while
later systems such as ANDROS Wolverine V2 [7,31] and Groundhog [23] improved on nav-
igation and environmental mapping. More recent designs like the Gemini Scout [23,24,32],
Subterranean Robot [33], and CUMT-V [34,35] incorporate explosion-proof designs, par-
tial autonomy, and multimodal sensing systems. These robots share several operational
challenges, including environmental hazards (e.g., impaired sensor performance due to
debris), teleoperation dependence, limited operator interface, and modularity and sensory
overload. Kadous et al. provided one of the earliest systematic evaluations of SAR robot
user interfaces, grounding design in awareness, efficiency, familiarity, and responsiveness.
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Their RoboCup Rescue trials showed that intuitive, game-like layouts reduced learning
time and improved teleoperation performance [36].

Despite their life-saving potential, robotic systems remain underdeveloped due to high
R&D costs, limited market incentives, and the infrequent nature of such emergencies (see
Figure 2). To date, most research and development efforts have also focused on enhancing
the robustness and mobility of rescue robots. While these are essential capabilities, HRI
dimensions remain largely overlooked. For instance, in the case of ANDROS Wolverine,
a critical failure occurred when a single operator was unable to simultaneously manage
robot navigation and location tracking, ultimately compromising the mission. Similarly, the
Numbat robot presented significant usability challenges, when operators faced increased
cognitive load due to low visibility and unfamiliar terrain (which ultimately contributed to
mission failure) [7]. By contrast, the Gemini Scout integrated human-factor considerations
such as simplified control schemes and real-time visual feedback to support situational
awareness, demonstrating the value of user-centered design in high-stress contexts. Lessons
from these systems highlight the importance of applying cognitive models to improve
perception under degraded feedback, and mental models to align system behavior with
operator expectations. These examples underscore the urgent need to integrate human
factors principles into interface design. Developing intuitive, user-centered control systems
that account for operator workload, situational awareness, and environmental stressors
is essential to enhancing mission effectiveness in high-risk search and rescue operations.
Effective collaboration between human mine rescuers and robotic systems is fundamental
to mission success, especially in high-stakes environments characterized by uncertainty,
stress, and limited communication. While only a few representative examples are discussed
here, a broader set of SAR robots and their HRI characteristics are analyzed in Section 9
where we detail their interface design, associated challenges, and how these challenges can
be interpreted and addressed through cognitive models. A broader review of SAR robot
platforms and design requirements has been presented in our earlier work [37], which
complements this paper’s focus by providing detailed coverage of state-of-the-art robotic
systems. In the present manuscript, we build on that foundation to emphasize interface
design and the integration of human factors through cognitive models.

Figure 2. Constraints, research gaps, and focus areas in robotic systems for mine rescue missions.
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4. HRI in Underground Mine Emergencies
HRI refers to the study and design of systems in which humans and robots interact

in shared environments or collaborative tasks. In the field of HRI, predicting human
intentions is an essential step for safe and intuitive collaboration. System’s designs goal
in this research is to infer human goals while performing tasks using the acquired sensor
data [7]. This involves translating observable signals into estimates of operator intent,
which can support adaptive robot responses [7,38–42]. In mine emergency scenarios, where
environments are often unpredictable, ensuring safety in HRI is critical to prevent injuries
and enable effective collaboration [42–44].

For HRI in mine rescue to be effective, robotic systems must prioritize safety, ease of
use, and the ability to flexibly adapt to rapidly changing underground conditions, all while
reducing the physical and cognitive burden on human operators [44]. HRI in emergencies
may fall into different categories depending on the nature of the interaction (see Table 1).
In Human robot coexistence (HRCx), robots may operate alongside miners or rescuers in
shared tunnels without direct coordination, focusing mainly on safe navigation and collision
avoidance [45–49]. Human–robot cooperation (HRCp) becomes relevant when robots and
humans pursue shared goals in real time, such as scanning debris fields or stabilizing
structures, requiring machine vision, force sensing, and situational awareness [50,51].
At its most advanced, Human robot collaboration (HRC) involves physical or cognitive
cooperation, such as robots predicting human actions or responding to voice commands
during rescue tasks [52–54]. These interaction modes are essential to developing intelligent
robotic systems that can be deployed not only to assist, but also to actively partner with
humans during high-stakes mine emergency operations.

Table 1. HRI Categories in Emergency Scenarios.

HRI Category Description Emergency Scenario

Human robot coexistence (HRCx)
Robots and humans operate in shared
environments with separate tasks,
minimal interaction

Robot (UGV & UAV) navigates a
collapsed area prior to searching and
rescue entrance

Human robot Cooperation (HRCp)
Robots and humans pursue a shared
goal with coordinated actions in time
and space

Rescuers and robots inspect the same
area simultaneously; robots scan for
structural integrity while rescuer
performs triage

Human robot collaboration (HRC)
Direct or indirect communication and
intentional cooperation between
human and robot

Robot assists responders by
interpreting hand gestures or spoken
instructions to deliver tools, provide
lighting, or stabilize equipment

Robots in underground mining are often preferred to follow a HRCx model, where
humans remain in the loop to supervise, guide, or intervene as needed. In dangerous and
unpredictable environments, robots handle high-risk tasks including entering mine before
human rescuers to check safety, while humans contribute critical thinking and adaptability.
This setup requires effective human–robot interaction, supported by interfaces designed
with human factors to ensure clarity, reduce cognitive load, and enhance situational aware-
ness. For these reasons, semi-autonomous robots are preferred in search and rescue, they
can operate independently in hazardous areas but still allow human oversight when cru-
cial decisions are needed. This balance ensures both safety and flexibility in emergency
operations. Mitigation of the challenges related to HRI can help in the successful appli-
cation of robots in emergency scenarios. Semi-autonomous robots operating in high-risk
environments face numerous challenges. Integrating human factors into interface design is
crucial to ensure these robots can work effectively and safely with human teammates.
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5. Human Factors Challenges in SAR Interface Design
Designing interfaces for mine rescue robots requires more than technical competence,

it demands a deep understanding of human cognitive and behavioral limitations under
stress. In underground emergency settings, responders must make rapid decisions based
on limited and often ambiguous feedback from robotic systems. A poorly designed inter-
face can overload the operator, impair situational awareness, and erode trust, ultimately
compromising the mission. In this section, we examine five critical human factors chal-
lenges that interface designers must address, particularly in the context of underground
rescue missions. Each factor is grounded in cognitive science and has direct implications
for interface performance (see Table 2).

Table 2. HRI challenges in mining emergency scenarios and design implications.

Challenge Description Design Implication

Situational Awareness

Difficulty maintaining an accurate
mental model of the robot’s
environment due to limited visual
feedback and sensor data.

Use multi-camera views and
panoramic stitching
Integrate map overlays and spatial cues
Provide visual or auditory alerts for
out-of-view hazards

Cognitive Load

Overload of working memory caused
by simultaneous tasks such as
navigation, communication, and sensor
monitoring.

Layer information hierarchies (critical
vs. secondary)
Automate routine or repetitive tasks
Apply visual grouping and hierarchy
to reduce search time

Trust and Transparency

Misalignment between perceived and
actual system reliability, leading to
under-trust or over-trust of
automation.

Incorporate explainable AI modules
Display confidence levels and system
rationale
Provide manual override with clear
consequence feedback

Attention and Individual Differences

Cognitive strain from modality
switching and diverse operator
preferences for visual, auditory, or
haptic cues.

Support multimodal (visual, auditory,
haptic) feedback
Allow user customization based on
role/preference
Ensure redundant communication
across channels

Stress and Fragility
Cognitive and motor performance
decline under high-pressure and
emergency conditions.

Use large, forgiving interface elements
Minimize menu depth and complex
interactions
Build in redundant cues (e.g., visual +
audio alerts)

5.1. Situational Awareness (SA)

Situational Awareness, defined by Endsley as the “perception of elements in the
environment, comprehension of their meaning, and projection of their status in the near
future,” is essential for successful teleoperation. In SAR missions, low-quality video
feeds, poor lighting, limited sensors, and time pressure degrade SA [11]. A well-known
challenge is the “soda-straw” effect, where narrow field-of-view cameras create tunnel
vision, preventing the operator from understanding the robot’s spatial context. Operators
become overly focused on short-term control, losing the broader picture of where the
robot is and what it is encountering. To mitigate these issues, interface designers should
consider implementing multi-camera views, panoramic stitching, or map overlays that
help operators reconstruct the robot’s spatial position in real time. Environmental hazards
that fall outside the operator’s immediate field of view should be flagged with visual or
auditory alerts to support anticipatory decision-making [55].
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5.2. Cognitive Load

Rescue operations are inherently high-pressure tasks. The operator must manage
navigation, communication, sensor interpretation, and decision-making, often simulta-
neously. According to Cognitive Load Theory (CLT) [15], performance declines when
working memory is overwhelmed. Interfaces that present too much information, or re-
quire excessive manual input, can exceed cognitive capacity, leading to errors or delays.
This is exacerbated when users are unfamiliar with robotic systems, which is common in
mine SAR. To reduce cognitive load, designers should structure interfaces with layered
information hierarchies, prioritizing critical data while allowing secondary data to be
accessed as needed. Automating routine tasks (such as scanning gas concentrations or
recalibrating position) and applying visual hierarchy (e.g., size, color, or grouping) can also
reduce operator strain and response time. Szafir and Szafir proposed a framework linking
human–robot interaction with data visualization, emphasizing task-oriented presentation
(overview, filtering, anomaly detection) to support rapid operator sensemaking and reduce
cognitive load [56].

5.3. Trust and Transparency

Trust determines whether an operator will rely on, ignore, or underutilize the robot.
Mistrust can cause users to second-guess automated systems, while over-trust can lead
to complacency [57]. Trust calibration is therefore essential. Interfaces should aim to
provide transparent feedback about the robot’s intentions, status, and reasoning [58]. For
instance, if a robot autonomously selects a route, it should also indicate why that route was
chosen, such as gas concentration levels, obstacle proximity, or heat signatures. Including
explainable AI (XAI) modules and displaying confidence levels or diagnostic information
can help operators assess reliability [59]. Additionally, manual override options should be
accompanied by clear feedback about the consequences of intervention [60].

5.4. Attention and Individual Differences

Mine rescue operators, similar to urban search and rescue operators, often come from
varied professional backgrounds and may differ in their sensory preferences and cognitive
strategies [61]. Some may respond more effectively to visual signals, while others benefit
from auditory or haptic cues [62]. The cognitive burden also increases when users are forced
to shift frequently between different input and output modalities. To address this challenge,
interfaces should support multimodal feedback and allow for customization based on user
preferences, roles, or cognitive profiles [61]. Consistency within and between modes is
essential, and critical information should be delivered through redundant channels, when
possible, to reduce the need for modality switching [61].

5.5. Stress and Fragility

High-pressure environments activate physiological stress responses that impair fine
motor control, working memory, and judgment [63]. These effects are amplified in rescue
scenarios, where operators face personal risk, urgency, and information ambiguity. Inter-
face designs should therefore prioritize robustness and simplicity. This includes using
large, forgiving interaction targets (both physical and on-screen), minimizing the depth of
command menus, and relying on clear visual or audio cues [64]. Redundancy is especially
important: if visual feedback is degraded, audio alerts or haptic signals can ensure conti-
nuity of situational awareness [65]. Chitikena et al. highlight that SAR robot design must
integrate ethical and design considerations at the development stage, focusing on snake
robots in confined and hazardous environments as a case for balancing usability, safety,
and responsibility [66]. These are among the human factors most critically affect robotic
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operation in SAR missions. These human factor challenges are closely tied to established
cognitive models, which provide the theoretical foundation for understanding and miti-
gating these issues in interface design. Section 6 therefore links each of these challenges to
cognitive frameworks such as Situational Awareness, Multiple Resource Theory, Cognitive
Load Theory, and Mental Models.

6. Cognitive Models in Interface Design
Effective interface design for underground mine rescue robots must be grounded in

an understanding of how human cognition operates under high-risk, time-sensitive condi-
tions. Cognitive models offer structured frameworks that guide designers in anticipating
operator’s needs, reducing error rates, and improving performance [10,67]. In this section,
we examine four cognitive models that are particularly relevant to human–robot interaction
(HRI) in the context of mine rescue: Endsley’s Situational Awareness Model [11], Wickens’
Multiple Resource Theory [12], Cognitive Load Theory [15], and the concept of mental
models [68]. Each model is discussed in terms of its conceptual foundation and its direct
implications for interface design (see Table 3).

6.1. Endsley’s Situational Awareness Model

In underground rescue operations, operators frequently struggle to maintain SA due
to poor lighting, unreliable communication, narrow camera views, and ambiguous sensor
feedback. These limitations hinder the operator’s ability to track the robot’s location,
understand surrounding hazards, or anticipate system behavior. To support situational
awareness in these environments, interface designs should facilitate all three levels of
SA [11]. For perception, multi-camera feeds, panoramic stitching, and environmental
overlays can provide a more complete visual field. For comprehension, summarized
visualizations such as annotated maps, sensor fusion dashboards, or hazard heatmaps
help users interpret environmental conditions more accurately [69]. To enhance projection,
systems may include predictive path modeling or alerts for anticipated environmental
changes, helping operators make forward-looking decisions in real time [70]. Recent work
emphasizes that situational awareness (SA) is the “linchpin” enabling operators to detect
and interpret unfolding hazards rapidly [55]. In high-risk HRI settings (e.g., mine rescue),
interfaces should therefore continually update environmental and robot status so that
operators can maintain this critical SA and make timely decisions.

6.2. Wickens’ Multiple Resource Theory

In the context of mine rescue robotics, many systems concentrate their informational
output in the visual modality—through video feeds, maps, and sensor displays—which forces
operators to continually shift and split their visual attention under stressful conditions. To ad-
dress this limitation, interfaces should be designed to distribute cognitive load across different
sensory pathways. For example, auditory alerts can complement visual displays to offload
information from overloaded channels, while haptic feedback may provide additional spatial
or directional cues. A recent study by Han et al. (2021) found that simply adding audio cues to
a robot interface did not significantly reduce operator workload or improve performance [71].
Importantly, designers should ensure that simultaneous tasks draw from separate resource
pools to minimize interference [12,71]. This cross-modality approach not only reduces per-
ceptual bottlenecks but also helps sustain operator performance in extended missions [70].
Modern interfaces distribute information and control across different sensory modalities (visual,
auditory, haptic) and processing channels. For example, providing complementary auditory
alerts alongside visual displays can offload perceptual demand and reduce operator workload
during complex teleoperation tasks, improving performance under stress [71].
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6.3. Cognitive Load Theory

In high-stakes scenarios like mine rescue, extraneous load is particularly problematic.
Interfaces that are cluttered, unintuitive, or inconsistent impose unnecessary burdens on
the operator’s working memory, impeding their ability to focus on mission-critical deci-
sions. To mitigate extraneous cognitive load, interface layouts should be streamlined and
consistent, using spatial grouping and visual hierarchy to reduce scanning effort. Complex
data should be broken into manageable chunks, with critical information presented by
default and nonessential data revealed only upon user request. This strategy, often called
progressive disclosure, ensures that the interface remains usable even when the operator is
under cognitive strain or time pressure. Additionally, simplifying navigation paths and
reducing the number of input actions required for common tasks can further ease cognitive
burden [72]. Cognitive load theory stresses minimizing extraneous cognitive demands,
since overload can impair performance (e.g., by increasing errors) under pressure [73]. In
practice, this means designing clear, streamlined interfaces (reducing clutter and unneces-
sary steps) so that the operator’s working memory is conserved for the task itself, which is
essential for safety in emergency scenarios.

6.4. Mental Models

When a robot acts contrary to an operator’s expectations, such as taking an unexpected
path or failing to respond to a command—this can result in model mismatch, which leads
to confusion, error, and ultimately mistrust in the system [74]. In the mine rescue domain,
where many users are not trained roboticists, mismatches are particularly common due to
limited feedback, inconsistent behavior, or opaque autonomous decision-making [75]. Inter-
face designs should therefore help users develop and maintain accurate mental models of
system behavior. Predictable feedback loops, consistent command-response relationships,
and transparent status indicators all reinforce user confidence [68]. Systems that include
rationale for autonomous actions—for instance, justifying a detour due to detected gas
levels—foster trust and understanding. Additionally, offering training environments or
simulated missions allows users to interact with the system in a low-risk setting, improving
familiarity and reducing mismatch in real operations [68]. Combining visual, haptic, and
auditory cues helps users build a coherent model of the teleoperation task [76]. Such
multi-sensory feedback makes the robot’s state and intentions more transparent, enabling
better-informed decisions in high-risk HRI.

6.5. Technology Acceptance Model

Another important model that informs the adoption of mine rescue robots is the
Technology Acceptance Model (TAM). Originally developed by Davis and later consoli-
dated by Lee et al. [77], TAM emphasizes that two primary beliefs—perceived usefulness
(PU) and perceived ease of use (PEOU)—drive an individual’s acceptance of new tech-
nology. PU reflects the degree to which operators believe the robot will enhance mission
performance and safety, while PEOU concerns how intuitive and cognitively manageable
the interface is under stressful conditions. The 2003 review established TAM as one of
the most widely applied and validated models in information systems, showing that PU
consistently predicts adoption more strongly than PEOU, and that PEOU often exerts its
influence indirectly by shaping perceptions of usefulness [77]. In mine rescue contexts,
this distinction is critical: no matter how simple an interface appears, if operators do not
perceive the robot as effective in improving safety or mission success, adoption is unlikely.
More recent extensions of TAM have incorporated trust, social influence, and behavioral
intention as key predictors of acceptance [78–80]. For high-risk HRI, trust is especially
important: operators must believe that the robot’s decisions, data, and performance are
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reliable before integrating it into life-saving operations. Thus, effective adoption of mine
rescue robots depends on designing interfaces that are transparent, cognitively efficient,
and demonstrably useful, ensuring that TAM’s key factors—PU, PEOU, and trust—are
satisfied to foster strong behavioral intention and long-term acceptance.

6.6. Ecological Interface Design

Ecological Interface Design (EID) is a cognitive-engineering framework that explicitly
aligns an interface with the work domain’s underlying constraints and affordance [81].
In EID, designers perform an abstraction-hierarchy analysis of the system to identify
its goals, processes, and physical components, and then “embed the semantics of the
task” into the display [82] which significantly lowered drivers’ cognitive demands while
improving vehicle control accuracy [83]. This means the interface makes invariant rela-
tionships perceptually available, so that operators can directly perceive what actions are
possible rather than computing them mentally. In Gibsonian terms, the interface builds
in affordances—operators see available actions and system limits at a glance—effectively
enabling users to “simulate deep control by relying on surface control” orbit. By making
hidden constraints and relationships visible, EID greatly reduces cognitive load. Empirical
studies confirm that EID-style displays markedly improve performance For example, com-
pared to a traditional speedometer, an EID-designed speed display cut drivers’ workload in
half. More recent work in air traffic control has also shown that EID-based visual analytics
improved novices’ understanding of complex information and enhanced conflict-resolution
decision-making [84]. Applying these principles to mine-rescue robot interfaces should
similarly lighten operator burden and support faster, more accurate decision-making under
the stress of an underground emergency.

Table 3. Cognitive models linked to interface strategies with SAR-specific example.

Cognitive Model Description Importance in SAR HRI Relevance

Endsley’s Situational
Awareness (SA)

Endsley’s model defines
Situational Awareness (SA) as
a three-tiered process
involving the perception of
environmental elements,
comprehension of their
meaning, and projection of
their future status

Operators need to monitor
robot location, gas levels,
victim status, and structural
hazards, all in real time.

Improves operator awareness
during interaction, essential
for decision-making in
dynamic environments.

Wickens’ Multiple Resource
Theory

Suggests that human attention
is divided across separate
cognitive and sensory
channels, such as
visual-spatial, auditory-verbal,
and manual-motor resources

Reduces overload and
optimizes attention during
multitasking, especially when
the operator must control,
monitor, and communicate
simultaneously by
distributing information
across different resources

Help avoid overload by using
different sensory channels for
information delivery.

Cognitive Load Theory

distinguishes between
intrinsic load (related to the
task’s complexity), extraneous
load (caused by poor design
or presentation), and germane
load (the mental effort
directed toward learning or
schema construction)

Stress and complexity can
impair memory and
performance; simplicity
boosts decision speed and
accuracy

Prevent performance
degradation by reducing
unnecessary cognitive effort
in complex systems.

Mental Model (Norman)

The internal representations
that users develop to
understand and predict how a
system behaves.

Users must quickly grasp
system behavior, often under
stress, mismatched
expectations lead to errors.

Ensures intuitive interaction
by aligning system behavior
with user expectations.
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Table 3. Cont.

Cognitive Model Description Importance in SAR HRI Relevance

Technology Acceptance
Model (TAM)

Explains technology adoption
via perceived usefulness (PU)
and perceived ease of use
(PEOU), later extensions add
trust and behavioral intention.

Acceptance hinges on
effectiveness, reliability, and
ease of operation—especially
under stress.

Promotes adoption by
maximizing perceived
usefulness and ease of use.

Ecological Interface Design
(EID)

Embeds system constraints
and affordances into the
interface using abstraction
hierarchies, enabling
operators to directly perceive
limits and possibilities rather
than compute them mentally

Degraded sensing, rapid
decisions; EID makes limits
visible—gas, energy, comms,
terrain—speeding action and
improving resilience.

Accelerates decisions by
making constraints and
affordances directly
visible [83,84].

Building directly on the human factor challenges outlined in Section 5, this section applies
cognitive models to explain and structure design strategies that address that challenge.

These models form the foundation of the user-centered design framework proposed
in this paper. By grounding interface features in cognitive science, rescue robot systems
can better support operator decision-making under high stress and uncertainty.

While this review emphasizes four well-established cognitive models, it is important
to note that other theoretical perspectives may also offer valuable insights. For instance,
perception–action cycle models emphasize the continuous feedback loop between human
operators and dynamic environments, which could enrich analyses of operator adaptation
in high-stakes contexts [85]. Similarly, the ecological interface design approach highlights
the structuring of displays around system constraints and affordances, offering a comple-
mentary pathway to reduce cognitive burden and support intuitive decision-making [86].
By implementing these cognitive models into SAR interface design, operators’ performance
could be improved and resulting in a safe mission completion.

7. Interface Design Modalities and Technologies
Search and rescue robots rely on specialized interfaces to navigate complex mine

layouts, detect dangers, and transmit critical data to rescue teams [34] (see Table 4). Visual
teleoperation interfaces remain fundamental—operators typically control robots via cam-
eras and dashboards. However, rough underground conditions make pure teleoperation
challenging [87]. Researchers have enhanced visual interfaces using immersive technolo-
gies and smart UIs. For example, a 2021 study merged multiple camera feeds into a single
“detail-in-context” view, reducing operators’ cognitive load and improving situational
awareness [88]. This integrated “detail-in-context” visual approach aligns with Cognitive
Load Theory [15], as it minimizes extraneous mental effort by presenting information in a
cohesive view. It also supports Endsley’s Situational Awareness model [11] by enhancing
perception and comprehension—giving operators a clearer mental picture of the environ-
ment with less cognitive strain [87]. Similarly, controlled experiments with virtual reality
(VR) interfaces showed significant gains in operator awareness and reduced workload in
simulated multi-robot rescue missions, compared to conventional monitor displays [89].
These results are consistent with Multiple Resource Theory [12], which posits that engaging
multiple senses (e.g., immersive 3D vision in VR) can reduce interference and workload.
The VR interface likely helped operators form a better mental model of the 3D space [13],
improving spatial understanding and decision-making without overloading their cognitive
resources. Tabrez et al. worked on Augmented reality (AR) as they compared descriptive
(state-based) and prescriptive (action-based) AR guidance for shared situational awareness,
finding that combined cues improved trust calibration, reduced workload, and enhanced
decision support [90]. Walker et al. introduced a mixed-reality Cyber-Physical Control
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Room for robot teleoperation, reporting a 28% increase in efficiency and improved human–
robot team coordination in simulated disaster response [91]. Visual feedback is still “the
cornerstone” for situational understanding [92] but adding other modalities helps. Haptic
feedback systems—such as force-feedback joysticks or vibrotactile cues—can supplement
camera views by conveying collisions or terrain resistance to the operator. Studies report
that adding haptic cues improves teleoperation success rates, precision, and even user
trust [93]. By providing tactile feedback, the system distributes cognitive workload across
modalities (supporting MRT’s principles [12]) and offers immediate physical cues that
bolster the operator’s trust in the robot’s feedback [94]. This haptic channel serves as an
additional “eyes-free” information source, aiding attentional focus and reducing reliance
on vision alone—a benefit under high-stress conditions. Such multimodal interfaces (com-
bining video, audio, and haptics) tend to boost operator confidence and performance in
both lab-based trials and field tests. Beyond traditional console controls, researchers have
explored more natural interaction methods. Voice-controlled interfaces have been proposed
to allow operators to guide robots via spoken commands in mine rescue scenarios. One re-
view of coal mine rescue robots noted the inclusion of voice recognition systems (alongside
obstacle sensors and gas detectors) to facilitate underground rescue tasks [34]. In principle,
voice commands could free operators’ hands and lower their training burden, though
reliability in noisy mine environments remains an open concern (e.g., ensuring accurate
speech recognition amid machinery noise). Finally, autonomous and semi-autonomous
control interfaces are increasingly important. Many modern rescue robots offer multiple
modes of control—from direct teleoperation to waypoint-based autonomy [87]. Overall, the
literature suggests combining intuitive interfaces with autonomous assistance yields the
best results. Visual teleoperation dashboards (especially enhanced with VR or smart over-
lays), tactile feedback devices, and even voice/gesture controls each contribute to better
situational awareness and usability. Field and simulation studies consistently report that
rescue personnel perform best—with fewer errors and lower workload—when interfaces
are multimodal and support some autonomy, rather than relying on manual camera-only
teleoperation. Dennler et al. developed the RoSiD toolkit, enabling operators to design
multimodal robot signals, illustrating the value of user-tailored communication channels in
reducing errors and enhancing collaboration [95]. Ranganeni et al. presented Access Teleop
Kit, an open-source toolkit that allows drag-and-drop customization of teleoperation dash-
boards, demonstrating that customizable UIs improve accessibility and adaptability across
diverse user needs [96]. In summary, multimodal interfaces and autonomy directly address
the human factors highlighted in earlier sections—they prevent overloading any single
sensory channel, lower mental workload by sharing tasks with the automation [16], and
help maintain operator situational awareness even in chaotic environments [11]. By consid-
ering the human operator (actor) in the loop and applying cognitive models (e.g., ensuring
information presentation fits within working memory limits [15] and that the interface
supports attentional control [78]), these designs improve user performance and safety.

Table 4. Comparative Analysis of HRI Interfaces in Mine Rescue.

Interface Type Key Features Advantages Limitations Mining SAR
Suitability

Graphical User
Interface (GUI)

2D/3D displays with
video, maps, and
telemetry; standard
input devices

Familiar and easy to
implement; supports
multiple data streams

High visual load;
requires fine motor
control; vulnerable to
clutter

Widely used; needs
optimization for
low-light and noisy
data environments

Multimodal Interface
Combines visual,
auditory, and haptic
feedback

Distributes cognitive
load across modalities;
improves redundancy
and accessibility

Risk of sensory conflict;
requires
synchronization and
user customization

Highly suitable if
well-calibrated; reduces
modality overload
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Table 4. Cont.

Interface Type Key Features Advantages Limitations Mining SAR
Suitability

Haptic/Tactile
Interface

Physical cues such as
vibration or resistance
to simulate contact or
force

Enhances feedback in
low-visibility
conditions; supports
intuitive sensing

Limited precision;
requires calibration;
may be difficult to use
with PPE or remotely

Useful in niche contexts
or advanced systems;
not widely deployed
yet

Immersive Interface
(AR/VR)

Simulates environment
using 3D visualization
through headsets or
projections

Enhances spatial
awareness and
planning; ideal for
training or mission
rehearsal

Susceptible to motion
sickness and fatigue;
hardware and
reliability constraints in
field use

Promising for planning
and training; less
practical for real-time
control in rescue
scenarios

8. Design Recommendations for Underground HRI Interfaces
In this section, we synthesize insights to explicitly answer RQ1 and RQ2, connecting

identified human factors with interface design implications. For semi-autonomous robots
deployed in underground mine rescue operations, effective human–robot interaction is
essential because human operators remain continuously in the loop. As demonstrated
throughout this discussion, the success of such systems depends not only on the robot’s
mechanical capabilities, but also on the quality of interaction facilitated by the interface.
In the extreme conditions of subterranean emergencies, Operators in underground rescue
must maintain situational awareness, interpret live sensor data, and make high-stakes
decisions quickly—often under extreme physical and cognitive stress. Core human factors
such as mental workload [9,12], attentional control [97], trust calibration [98–100], and
working memory limitations directly affect performance in these conditions. Ignoring these
human factors risks overwhelming the operator, causing delays, or inducing fatal mistakes.
Human-centered design can therefore not be an afterthought—it must be treated as a core
design principle from the outset of system development.

The cognitive models used in this study informed how we structured the interface,
prioritized information, and implemented control logic. Rather than treat these as abstract
theories, we translated them into concrete design strategies—such as layered, hierarchical
displays for different cognitive stages, separating information by modality, simplifying alert
mechanisms, and providing intuitive feedback for user actions [11,15,101,102]. Drawing
on these models and supported by recent literature [103–106], we have proposed a set of
human-centered design recommendations (summarized above) for underground rescue
robot interfaces. These recommendations are grounded not only in theoretical principles
but also in empirical HRI research and field-tested usability practices. The overarching
goal is to empower the human operator—to ensure that despite the technological com-
plexity of rescue robots, the interface remains readable, actionable, and trustworthy under
pressure. By combining insights from psychology and human-factors engineering with
advances in human-centered AI (such as adaptive interfaces and explainable autonomy)
and continual feedback from real-world users, the interface effectively becomes a team-
mate rather than a hindrance to the operator. As rescue robotics continues to evolve, we
strongly advise that these design guidelines be validated and refined through realistic
field exercises, first-responder feedback sessions, and post-mission usability debriefs. On-
going interdisciplinary collaboration will be essential in this endeavor, bringing together
engineers, computer scientists, psychologists, ergonomics specialists, human–machine
interaction experts, and the mine rescue personnel who ultimately must trust and use these
life-saving robotic systems. Research shows that poor interface design can elevate operator
stress and cognitive fatigue, undermining performance and user acceptance [107,108]. For
instance, Murphy et al. emphasize that attention to human factors and usability is as
critical as advances in autonomy [109]. In mine rescue missions, interface design must
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reflect how humans perceive, think, and behave under stress, guided by cognitive models
and ergonomic principles [12,14]. Interfaces must also address mining-specific challenges,
such as signal disruptions and limited visibility underground. Furthermore, underground
mine rescue differs significantly from urban disaster response, demanding unique HRI
solutions and training protocols [23,110]. Navigation capabilities and their representations
in the interface are particularly important, as they directly affect situational awareness and
team coordination [111]. To meet these challenges, designers should adopt user-centered
processes by involving experienced mine rescuers early in development [112,113] and draw
on universal design principles and virtual interface techniques to improve real-world us-
ability [114]. By integrating theory, user input, and domain-specific needs, human-centered
interface design can significantly enhance robotic system performance in mine emergencies.

The following recommendations are derived directly from the cognitive challenges
and interface evaluations discussed in previous sections. We applied cognitive models to
interpret how operators process information, handle stress, and interact with autonomous
systems in underground environments. These models were then translated into design
strategies grounded in empirical HRI findings and usability principles. Each recommenda-
tion addresses a specific gap identified in prior sections— whether it relates to perceptual
overload, trust misalignment, high workload, or latency constraints—ensuring that the
proposed solutions are both theoretically informed and practically relevant.

Effective interface design in mine emergencies must adhere to several key human-
factors principles to ensure usability and mission success (see Figure 3). These include:

• Layered “SA-first” Displays with Ecological Structure:
Situational awareness is best supported by a central “mission pane” that fuses live
video, map overlays, and hazard indicators, surrounded by compact widgets for
system status (battery, communication, tether). By applying ecological interface design
principles—such as making constraint boundaries visually legible—operators can
perceive safe vs. unsafe states without exhaustive scanning. This approach reduces
extraneous cognitive load and supports higher-level projection [83].

• Multimodal Feedback to Reduce Visual Bottlenecks:
Relying solely on visual channels in underground, low-visibility settings risks over-
loading the operator. Incorporating audio cues (e.g., rising tones for gas trends) and
haptic signals (e.g., joystick vibration near obstacles) helps distribute key informa-
tion across modalities. In shared-autonomy teleoperation, haptic feedback has been
shown to improve both task performance and user satisfaction, enhancing situational
awareness [115].

• Camera Strategy for Mitigating the “Soda-Straw” Effect:
To avoid narrow, tunnel-vision views, interfaces should provide multiple simultaneous
camera/LiDAR feeds (forward, rear, side) with stitched or panoramic views and
optional immersive VR/AR modes for planning. Work in immersive teleoperation
shows improved spatial awareness and control under challenging environments [116].

• Latency-Aware Control with Predictive Aids:
Under underground communication constraints, latency can degrade control and
raise operator stress. Adding predictive displays—such as a “ghost” robot trajectory
preview—enables the operator to anticipate the robot’s motion despite delays. A
low-cost predictive display improved operator performance by ~20% under latency
in teleoperation experiments [117]. More advanced approaches combine XR-based
intention overlaid displays and shared control to maintain operability under variable
delays [118].

• Shared Autonomy with Transparent Handover:
Providing operators with autonomy modes (e.g., obstacle-avoid, path-following, safe-
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stop) must be accompanied by clear, real-time explanations of the robot’s decisions to
maintain trust and situational alignment. Learning-based shared autonomy methods
dynamically adjust assistance based on operator intent and constraints [119], mo-
bile manipulator reviews emphasize variable autonomy for reducing workload in
hazardous tasks [120].

• Context-Sensitive, Workload-Aware Interfaces:
Interfaces should default to minimal, essential displays and dynamically surface
detailed panels or alarms when critical events occur (e.g., gas rise, fault). This adaptive
design prevents information overload and helps operators focus. It aligns with calls
for renewed user-centric teleoperation design to manage cognitive load [121].

• Sensor Fusion for Hazard Projection:
Integrating gas sensors, thermal imagery, LiDAR, and inertial measurements into a
unified dashboard with predictive cues enables operators to anticipate hazardous
conditions. This aligns interface behavior with operator mental models and sup-
ports proactive planning. In teleoperation survey work, fused perception-control
frameworks are recommended for complex environments [122].

• Audio & Communication as Core Interface Features:
In subterranean contexts, video may degrade or fail, robust audio and voice channels
become primary information conduits. Interfaces should maintain duplex audio with
noise suppression and map distinct tones to hazard classes, as well as provide short
spoken alerts (“Low O2—Stop”). Teleoperation latency studies confirm that audio and
haptic feedback mitigate cognitive load and stabilize performance under delay [123].

These principles, grounded in human factors research, guide the creation of interfaces
that improve the usability and effectiveness of mine emergency robots, contributing to
better safety outcomes and more efficient emergency responses.

Figure 3. HRI Interface Design Priorities and Essential Design Principles for Emergency Interfaces.

9. Illustration of the Current State of HRI in Mine Rescue and Areas
for Improvement

To further illustrate the current state of HRI in mine rescue and identify areas for
improvement, Table 5 presents a comparative analysis of several existing SAR robot inter-
faces. Each system is evaluated in terms of its interface design, the challenges encountered
during deployment, and the implications of human-factor (with reference to cognitive
models). This comparison highlights common gaps—such as interfaces overloading the
operator’s visual channel or lacking support for situation projection—which inform the
above design guidelines (see Table 5). To ensure coverage of the state-of-the-art, Table 5
integrates findings from the broader literature pool, providing a fuller picture of SAR
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robot design and its alignment (or misalignment) with human-centered interface principles.
Across these varied systems, several recurring interface gaps emerge:

• Overreliance on a single modality: Many robots place nearly all feedback on visual
displays, leading to operator overload under stress and violating multiple-resource
design principles (MRT) [124,125].

• Limited support for projection: Few interfaces offer trend-based cues or predictive
overlays to help the operator anticipate future states, reducing the ability to project
situations per Endsley’s SA model [126].

• Lack of adaptivity: Interfaces generally do not adjust to differences in operator cogni-
tive abilities or workload, despite well-documented variability among users (e.g., due
to training or fatigue) [127,128].

• Reactive rather than proactive feedback: Alerts and information are often only pro-
vided after issues become obvious, missing opportunities to preempt problems or
guide decision-making [129–132]

These findings underscore the need to move beyond hardware-centric control systems
toward cognitively aligned, user-centered interfaces. By grounding interface design in well-
established human-factors models—such as Endsley’s situational awareness framework,
Wickens’ multiple resource theory, and cognitive load theory—developers can reduce
cognitive strain on the operator, improve decision accuracy, and ultimately enhance mission
outcomes for underground mine rescue. Below table presents the challenges in Interface
designs and human factor implication in order to improve operation performance in
SAR missions.

Table 5. Comparative Analysis of SAR Robot Interfaces and Human Factor Gaps.

Name Interface Details Challenges Human Factor Implications

RATLER [8,25]
Console-based teleoperation with
stereo/video cameras via
RF/microwave

Rough terrain navigation,
latency, communication
reliability

Interface delays and poor feedback impair
perception and projection (SA). Recommend
enhancing real-time feedback and predictive
cues to support SA and reduce visual/manual
load (MRT). Delayed/low-fidelity feedback
depresses PU; simplify control/visuals to raise
PEOU; add status rationale and confidence cues
to strengthen trust.

Numbat [8]
Fiber-optic tethered GUI +
joystick station with multiple
camera feeds

High cognitive workload due
to poor lighting and terrain;
interface complexity

Overload illustrates high intrinsic cognitive load
(CLT). Simplified visual channels and adaptive
feedback are needed. Mapping views to user
mental models improves response efficiency.
Interface complexity under poor lighting lowers
PEOU; show mission benefit (gas/map fusion) to
raise PU; transparent fault reporting builds trust.

ANDROS Wolverine
(V2) [7]

Rugged laptop GUI,
joystick/gamepad, touchscreen
diagnostics; multiple cameras

Operator overload during
tracking and control in
mission-critical scenarios

Interface must integrate state + control feedback
to support comprehension (SA). Failure
highlights poor multitasking design violating
MRT; automation could offload user demand
(CLT). Overload and split attention reduce
PEOU; integrate tracking + control to raise PU;
clear autonomy/override cues calibrate trust.

Cave Crawler [133]
PC GUI with SLAM-enabled
mapping, laser + sensors;
wired/wireless control

Low bandwidth,
underground delay, darkness

Communication loss reduces perception and
projection (SA). Interfaces should use buffered
visuals, simplified overlays to match user mental
models under degraded feedback. Bandwidth
dropouts undermine trust and PU; buffered
video + progressive disclosure improve PEOU;
signal/quality badges restore trust.

Souryu V [134] Handheld controller for serial
crawler, video feedback

Narrow, cluttered
environments; limited
visibility

Tight spaces increase visual-spatial complexity
(CLT). Ergonomic feedback and spatial mapping
must reinforce mental models and reduce split
attention (MRT). Tight-space teleoperation
mapping raises effort (PEOU); add 3D/path
hints to raise PU; obstacle-detection reliability
indicators support trust.
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Table 5. Cont.

Name Interface Details Challenges Human Factor Implications

Inuktun VGTV [110]
Tethered video monitor +
gamepad, video feeds via
color/BW cameras

Navigation in confined
spaces, cable drag

Physical drag and split displays raise extraneous
load (CLT). Feedback delay undermines
comprehension (SA). Control-response
alignment must follow mental model
predictability. Cable drag + split displays hurt
PEOU; unified view + tether-tension widgets
improve PU; link quality/tension health boosts
trust.

Western Australia
Water Co. Robot [34]

Fiber-optic tethered inspection
robot with cameras and gas
sensors

Tether navigation in
debris-filled passages; heavy
design limited retrieval

Tether strain adds physical and cognitive
workload (CLT). Intuitive layout and tether
tension indicators improve mental model
stability and reduce operator frustration. Tether
handling burden lowers PEOU; retrieval aids
and route previews raise PU; stable comms +
failure modes increase trust.

Sub-terranean
Robot [135]

Semi-autonomous amphibious
robot with GUI/joystick control

Water-filled shafts, zero
visibility, sensor dropout,
slippage

Sensor loss breaks perception chain (SA).
Interface must predict/react to sensor gaps
while maintaining operator trust via consistent
logic (mental models, CLT). Sensor loss breaks
trust and harms PU; graceful degradation +
confidence bands aid PEOU; data provenance
restores trust.

Leader [34] Remotely operated robot with
multiple cameras and gas sensors

Limited communication,
unstructured post-explosion
environment

Dynamic terrain affects projection and
comprehension (SA). Modular views and signal
confidence indicators help user maintain
situational awareness and mental control loop.
Comms limits reduce perceived benefit (PU);
fused camera/gas overlays raise PU and PEOU;
latency/signal badges calibrate trust.

Gemini Scout [23]
Rugged PC + joystick; onboard
gas sensor, thermal + pan-tilt
cameras

Hazardous mines, poor
visibility

High visual demand stresses visual resource
channel (MRT). Sensor fusion and heat-map
overlays support comprehension (SA) and
reduce cognitive switching. EID can further
reduce workload by visually encoding hazard
thresholds (e.g., gas explosion limits, tether
strain) to help operators instantly perceive safe
vs. unsafe states. High visual demand stresses
PEOU; heatmaps + waypoint assist raise PU;
route-choice rationale (why this path)
strengthens trust.

MINBOT II [136] Remote console + GUI, skid-steer
teleoperate with sensors

Rugged terrain, visibility
issues

Predictive control aids reduce intrinsic cognitive
load (CLT). Aligning visual layout with terrain
types supports projection (SA) and operator
mental modeling. Rugged terrain control cost
lowers PEOU; predictive assists and
terrain-aware UI raise PU; stability/fail-safe
feedback builds trust.

CUMT V [8]
GUI console with joystick; fiber +
wireless relay; semi-autonomous
drive

Operator burden in terrain
switching; signal reliability

Frequent mode-switching disrupts situational
continuity (SA). Adaptive displays and
automation handover can offload demand (CLT)
and reduce confusion across visual/manual
channels (MRT). Frequent mode switches harm
PEOU; consistent handover UX and unified
controls raise PU; explicit mode/authority cues
improve trust.

KRZ I
Teleoperated system with IR
camera, posture and obstacle
alarms

Navigation under zero
illumination, explosion-proof
constraints

Poor lighting reduces perception (SA). IR must
be presented with integrated overlays. Alarm
overload risks channel interference (MRT), so
prioritization and pre-attentive cues are key.
Alarm overload hurts PEOU; prioritized,
grouped alerts raise PU; IR calibration/health
indicators support trust.

Mobile Inspection
Platform [137]

Remote GUI with video and gas
sensor logging interface

Mapping gas in explosive
zones; communication
reliability

Mission-critical data must support
comprehension under time stress (SA). Clear
alert hierarchy + sensor syncing align with
mental models and reduce user error. Unsynced
gas/video lowers PU; timestamped sync +
actionable thresholds raise PEOU/PU; sensor
health bars bolster trust.
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Table 5. Cont.

Name Interface Details Challenges Human Factor Implications

Tele Rescuer [138]
VR/AR immersive GUI with
gamepad + 3D mapping and gas
sensors

VR latency, data overload,
remote comms limitations

Overload reflects split-channel conflict (MRT).
Excess sensory input burdens working memory
(CLT). Interface should support selective
attention and layered information access. VR
latency/data overload reduces PEOU; limit
channels + prediction panels raise PU; stable
FPS/lag indicators calibrate trust.

10. Conclusions
Underground mine search and rescue (SAR) operations present extreme conditions

that challenge human cognition, decision-making, and situational awareness. While
robotics plays a growing role in these missions, the effectiveness of SAR robots remains
highly dependent on how intuitively and reliably human operators can interact with their
interfaces under stress. This paper highlights the critical human–robot interaction (HRI)
challenges faced in SAR environments, including cognitive overload, fragmented percep-
tion, attentional breakdowns, and inconsistent trust. Through a systematic analysis of
existing SAR robot interfaces and the integration of cognitive science, we identified how
these challenges can be addressed through thoughtful interface design. Grounded in four
foundational cognitive models, Endsley’s Situational Awareness Model, Wickens’ Multi-
ple Resource Theory, Cognitive Load Theory, and Mental Models—this work proposes
a layered framework for designing operator-centric interfaces. Design strategies such as
layered feedback, multimodal alerts, adaptive layouts, and familiar metaphors are shown
to support key human factors and improve operational performance. This framework not
only bridges theory and practice but also offers practical guidance for interface developers
and HRI researchers aiming to enhance transparency, reduce workload, and increase safety
in mine rescue robotics. Together, these findings directly answer RQ1 and RQ2, highlighting
both the critical human factors in SAR interface design and the strategies through which
these challenges can be mitigated. The main contributions of this article include:

• Identified HRI limitations in current SAR robot systems through cognitive and opera-
tional analysis.

• Developed a cognitive model–based interface design framework tailored for under-
ground emergency response.

• Mapped specific design strategies to human factor needs with examples from real-
world SAR robots.

• Supported a shift from technology-centered to human-centered design thinking in
mining robotics.

Future work should focus on designing and prototyping an interface that embodies the
proposed framework and testing its performance through simulated SAR missions. This
will include iterative user evaluation to validate how well the design supports cognitive
performance, situational awareness, and trust under stress.

11. Limitation and Future Work
This study has some limitations that should be acknowledged. The analysis relied

primarily on peer-reviewed literature and technical reports, which may not fully capture
undocumented field practices or tacit knowledge held by mine rescue personnel. The
proposed framework and design guidelines are therefore highlevel and conceptual, and
practical implementation will require context-specific adaptations and trade-offs not ad-
dressed here. Future research should focus on prototyping interfaces that embody the
proposed framework and subject them to realistic testing. Iterative user evaluations, in-
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cluding simulation-based SAR scenarios and field exercises, will be essential to validate
how well the framework supports cognitive performance, situational awareness, work-
load management, and trust under operational stress. Such empirical work will not only
refine the proposed guidelines but also bridge the gap between conceptual models and
deployable mine rescue systems.
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