._.»0' -1"5', ° °

§ w % | Journal of Responsible Al & Ethics
_ ‘ Volume 02, Issue 02, February 2025 E-ISSN: 3117-6402
\~~..__JRAIE // https://galaxiauniverse.com/index.php/JRAIE | P-ISSN: 3117-6410

Al Governance in Intelligent Fire Detection Technologies

Dr. Marcus J. Ellington
Associate Professor, Department of Fire Safety Engineering and Intelligent Emergency
Systems, Midland Institute of Technology and Public Safety, Denver, Colorado, USA

Corresponding Author: Dr. Marcus J. Ellington
Associate Professor, Department of Fire Safety Engineering and Intelligent Emergency Systems,
Midland Institute of Technology and Public Safety, Denver, Colorado, USA

Article Type: Simulation-Based Research Article
Submitted: 12-February-2025 Revised: 19- February -2025
Accepted: 21- February -2025 Published: 26- February -2025

Abstract: Fire detection can increasingly be supported by artificial intelligence through
automated-analysis of smoke, flame, thermal, environmental and camera-sensor signals.
Deep-learning methods can enhance fire-visual recognition and may hasten detection in
settings that could otherwise receive only limited information from conventional detectors.
Earlier research showed the viability of video-based fire-and-smoke CNNs and revealed the
advantage of utilizing spatial, temporal, and environmental information. But Al-enabled fire
detection is a safety-critical application where false negatives and false positives each have
substantial implications. Overly late or averted detection could delay emergency response
while false alarms can erode confidence, create disruption, or lead to alarm apathy. NIST
research on smoke alarms has long considered both fire-response and nuisance
characteristics, underscoring the importance of evaluating these competing objectives in
parallel.

This research constructs a novel simulation-based Al Governance Framework for Intelligent
Fire Detection, joining detection performance, false-alarm mitigation, missed-fire prevention,
uncertainty communication, multi-sensor corroboration, human validation, fail-safe
escalation, privacy controls, auditability, and model-drift detection. A synthetic set of 2,400
simulated fire detection episodes was split into 4 architectures: Sensor-Only Baseline,
Detection-First Al, Explainable Al, and Responsible Al. No actual fire event, building
occupant, emergency response record, camera image, or commercial alarm product was

employed. Responsible Al attained a simulated detection recall of 97.2% and precision of
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96.8%, false-alarm rate of 3.1%, and missed-detection rate of 2.8%. Logistic regression
analysis found that visual ambiguity, model drift, network failure, and unsupported single-
sensor confidence heightened high-risk alert potential, whereas multi-sensor corroboration,
confidence-based escalation, human validation, and failable-action were mitigating.

The research demonstrates that fire alarms demand more than merely optimizing raw
detection sensitivity; responsible use involves technically sound detection, needs-based
uncertainty quantification, explicit emergency procedures, subject matter expertise, and

ongoing assessment.

Keywords: machine learning; fire alarm; smouldering fire; importance of fire; safe Al;
malfunctioning; false alarms; current emergency system; explainability; human control; smart

monitoring.

Introduction
a) Background

Over the years, automatic fire detection has relied upon sensing methodologies such as
smoke, heat, flame, gas, or other related methods. Today the performance of conventional
detectors is monitored with regards to the detector type, positioning, the environment and
nuisance sources. The NIST performance evaluations of household smoke alarms have
analyzed the response to real fire situations as well as nuisance conditions, showing that there
is always a trade-off between the detection of the fire and false alarms.

The emergence of computer vision and deep-learning techniques also offered researchers an
additional avenue to intelligent fire detection. Frizzi et al. pursued video fire and smoke
recognition with convolutional neural networks, and Kazemitabaar et al. offered the first
evidence that deep-learning approaches could also perform fire recognition tasks in
surveillance videos, images of wildfire smoke, and visually ambiguous settings. Kim and Lee
also validated a video-based fire-detection architecture with deep-learning motifs.

These solutions could supplement traditional detection because cameras and smart sensors
could potentially offer spatial data about where and how the fire/smoke looks. However,

added complexity to the algorithm also introduces another potential hazard. It‘s no longer
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enough to ask, “Does the detector go off?” The questions are now, “Is the Al model‘s
detection category valid? Are its confidence value and data route accurate? Is its escalation

process safe?”’

b) Problem Statement

Fire detection is an especially challenging regulatory Al-governance issue because the costs
of a false negative and a false positive are asymmetric but high nonetheless. In the case of
fires, an incorrect “no” answer can dangerously delay emergency response during a growing

(13

fire while an incorrect “yes” answer can cause inappropriate evacuation, short-circuit
industrial and public activities, contribute to alarm fatigue, and undermine faith in automated
systems. NIST*s durable history of analyzing sources of nuisance alarms makes clear that
cooking and other non-fire contexts do trigger smoke-detection systems and must thus be
explicitly considered in the evaluation of detectors.

There is further ambiguity in vision-based systems. Flames can draw false parallels to
lighting, sunlight, reflective surfaces, or other bright objects and smoke to fog, clouds, dust,
steam, or atmospheric effects with minimal contrast. As a result, earlier deep-learning
research also considered more uncertain surveillance environments and the recognition of
smoke itself.

The governance problem is even more troubling when an output from a model is directly
translated into emergency action, without the needed assurance of a fail-safe design. But
insisting on human confirmation for every alarm would introduce unacceptably long delays.
So responsible governance of fire-detection must decide how to set the threshold of which
alarms can call for immediate protective action, which should log steps for corroborating

evidence, and how to escalate uncertain ones, without risking treacherous hesitation.

c) Research Motivation

The motivation behind this work is to advance intelligent fire detection relative to a limited
performance paradigm that considers classification accuracy as the only benchmark. Safety
critical Al should be tested on whether it survives environmental variation, expresses
uncertainty, holds fallback mechanisms and facilitates traceable human intervention.

The European commission 2019 trustworthy-Al framework has outlined aspects of

trustworthy-Al to include human oversight, technical robustness and safety, privacy and data
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governance, transparency, fairness, societal well-being and accountability. The aspects are
most pertinent within fire detection as automated outputs have the potential to influence
evacuation, emergency response, building management and firefighter situational awareness.

Accordingly, the current study offers a governance scheme in which Al acts as a highvelocity
analysis engine in a complete safety system, where detection remains intact while machine
predictions are limited by confidence limits, redundant sensors, human emergency override,

audit trail, and a known fail-safe performance behavior.

Literature Review
a) Al-Based Fire and Smoke Detection

Initial deep-learning fire-detection projects showed that CNNs could discover the visual
features of fire and smoke without depending solely on handcrafted image features. Frizzi et
al., for instance, employed CNNs to classify video fire and smoke, and Sharma et al.,
evaluated more deep CNNs for fire detection.

Later, the research extended to more challenging real scenario. Zhang et al. employed Faster
R-CNN to wildland smoke detection based on synthetic smoke images. This was due to the
interest in early wildfire detection. Muhammad et al. primarily studied in an uncertain
surveillance scene. They noted the challenges brought in by smoke, fog, and snow, and
proposed an efficient intelligent fire detection method in this condition.

Kim and Lee studied video-based fire detection using deep-learning algorithms, Lin et al.
used a three dimensional convolutional neural network for smoke detection in image
sequences, Li et al. created a densely dilated convolutional network for wild fire smoke
imagery, and Saeed et al. developed a CNN based early fire detection system.

Together, the bodies of literature confirm that intelligent fire detection can incorporate image
classification, spatiotemporal localization and learning of smoke or flame characteristics. It
can also show how system effectiveness is influenced by variations in environment, training

data, fire scale, visual complexity and experimental design.

b) False Alarms, Missed Detection, and Sensor Fusion

Fire safety systems may not perform properly when judged on detection rate. Nuisance

alarms are long-standing operational difficulties associated with the use of these systems.
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Factors affecting the formation of these alarms include environmental conditions, the nature
of installation, maintenance problems, and non-hazardous smoke and combustion-like
sources.

This establishes a fundamental sensitivity trade-off. It can be argued that a higher sensitive
detector finds fires faster, but may produce more false alarms, whereas a less sensitive
detector suppresses nuisance alarms, but finds fires more slowly or not at all. NIST smoke-
alarm testing explicitly compares responses to fire and nuisance conditions, which is an
interesting precedent to consider for the proposed Al detector.

Multi-signature fire detection offers one approach to this dilemma. NIST work has explored
how fusing together different sensing signals can bring both sensitivity and false alarm
improvements. In Al governance, this underpins the ability to rely on corroboration between
visual, smoke, heat, carbon-monoxide or other signals instead of a lone murky prediction

running every emergency.

c) Governance, Explainability, and Safety-Critical Al

General Al-ethics scholarship.. concludes it is not enough to know how systems will perform
predictively. Mittelstadt et al. found opacity, responsibility, evidentiality and decision-
making as overarching algorithmic-ethics challenges. Floridi and colleagues developed the
following set of guiding ethical principles: beneficence, non-maleficence, autonomy, justice
and explicability.

The study conducted by Jobin, lenca and Vayena of the various overall ai-ethics guidelines
globally, revealed that many regula- tory frameworks repeatedly highlighted the importance
of transparency, justice and fairness, non-maleficence, responsibility and privacy among
others. All of these are especially crucial in fire detection as no fault error has water safety
implications.

The trustworthiness-Al recommendations from the European commission explicitly address
both the technical robustness and safety concerns with human oversight and accountability
components. A responsible intelligent fire-detection system will therefore require the output
image, the failure cases, the method of calculating the confidence, the result under sensor

failure, and the escalation or override of an Al output to be between users.

DOI: 10.63665/1JRI.V02102.05

Pages: 85-106

Published by GalaxiaUniverse

© 2025 The Author(s). Licensed under CC BY 4.0.
https:/ /creativecommons.org/licenses/by/4.0/
https: alaxiauniverse.com/index.php/JRAIE

89



https://creativecommons.org/licenses/by/4.0/
https://galaxiauniverse.com/index.php/JRAIE

._.»0' -1"5', ° °

§ w % | Journal of Responsible Al & Ethics
_ ‘ Volume 02, Issue 02, February 2025 E-ISSN: 3117-6402
\~~..__JRAIE // https://galaxiauniverse.com/index.php/JRAIE | P-ISSN: 3117-6410

Research Gap

While great advances have been made in intelligent fire & smoke detection, several
discrepancy areas still exist between a high-performance detection model and a governed
safety system.

First is how the governance is often ignored by while reporting an emphasis on accuracy,
precision, recall, or speed of program execution. For applications that are safety critical, the
false alarms and missed detections should be validated together because system tuning
usually improves one at the expense of the other.

The second gap relates to conditional reliability. One would expect an Al to perform very
confidently under a well-lit indoor environment but weaker if there is smoke occlusion,
steam, fog, reflective surfaces, weather effects, low illumination or an unknown camera
sensor.

The third gap is that of confidence governance. A probability score alone does not inform
what emergency action should take place. A 65% confidence fire score in a high-risk
industrial estate district requires different processing to a 65% score generated by a kitchen
camera during normal cooking activities.

Point 4 is human involvement. Several intelligent systems show us their detection automation
but do not identify, distinguish or explain between machine detection, human verification,
emergency dispatch, evacuation, suppression activation and incident command.

The fifth gap is about model drift and maintenance. Movement of the cameras, lighting
conditions, sensor hardware, layout of the building, vegetation, weather, or operating

environment may influence model performance.

Novelty / Proposed Contribution

This general principle drives the study in proposing a Responsible Intelligent Fire Detection
Governance Framework, where fire-safety Al is required to optimized both detection
performance and emergency trustworthiness.

The framework can be summarized as:

Responsible Fire Al = Early Detection + Low False Alarms + Low Missed Detection +

Uncertainty Management + Human Oversight + Fail-Safe Action + Auditability
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The proposed contribution introduces six core mechanisms:

e Using a multi-sensor corroboration to resolve uncertain alerts

e Solely to confidence- sensitive escalation, rather than the general automatic actions

o Fail-safes emergency rules for the serious situations

« Provides an explainable alert evidence for operators and emergency personnels

e Model-drift monitoring and re-assessment at predefined time intervals

« Concerns that privacy-leakage sensors severely restrict secondary surveillance does
The proposed operational sequence is:
Sense — Detect — Estimate Confidence — Corroborate — Escalate — Verify Where
Appropriate — Act — Audit
For instantly life-threatening situations, the system should holdirjectedour pre-agreed

emergency action instead of waiting to establish the desired algorithms with certainty.

Research Objectives / Research Questions

The major goal of this research is to conceptualize and test a Responsible-Al governance
framework for the family of intelligent fire-detection devices.
The specific objectives are:
1. The average detection performances for four fire-detection architectures was
established in order to.
In order to determine both false-alarm and missed-detection rates at the same time.
In order to test how well Al performed in harsher surroundings.
To recognize technical and governance factors associated with high-risk alert events.

o M N

To evaluate the security benefits of human verification, multi-sensor corroboration,
and fail-safe escalation.

6. Until a suitable governance framework for safety critical fire Al. Can be developed
and deployed, a practical means to do so is to create a governing framework for safety
critical fire Al.

The study addresses the following research questions:
QR1: Is simulated fire-detection performance enhanced through the implementation of Al

over a sensor-only control?
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QR2: Can detection-first optimization really learn to prevent false alarms and missed
detections?

RQ3: To what extent does environmental ambiguity affect fire-safety risk from Al?

The fourth question will be,

QR4: “Can the Responsible-Ai measures reduce false alarm and miss detection?”

RQ5: Which governance mechanisms are the most effective in providing simulated

protection against high-rate fire-alert events?

Methodology
a) Research Design

A comparative audit design based on quantitative simulation was used. Four intelligent
systems for fire detection were built; Sensor-Only Baseline, Detection-First Al, Explainable
Al and Responsible Al.

The study did not utilize an operational fire alarm system. There was no true emergency,
building fire, wildfire event, resident, firefighter, employee, camera recording, or proprietary
detection system involving the entire system. All the numeric values were generated for
methodology comparison only.

The design tries to contrast the technical performance against the governance result. This
avoids that a system looks better than others by having neither too many false alarms nor

poor emergencyreview processes balanced with having a slightly higher detection rate.

b) Dataset / Sample

The song ‘Oh, Imagine’ was selected from the album ‘Dare to Dream,” which was released in
2003. This album features 4 tracks; the entire album is available for download through BT
Internet.

Synethetic had 2,400 fire-detection episodes, each of the four architectures containing 600
modelled observations.

Synthetic episodes comprised indoor controls, induced by cooking and steam, indoor
environments obscured by low light or smoke, and outdoor conditions by weather

interference. These were used since visual and sensor-based detectors are sensitive to
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variability in environmental conditions and nuisance factors. Previous work has characterized

adversarial surveillance environments in general, and nuisance smoke factors specifically.

Table 1. Operationalization of the Intelligent Fire-Detection Audit

Variable Operational Meaning Measurement | Analytical Role
Synthetic monitored event. During the analysis
Detection step the test framework tracks the distribution ) )
] ) ) N= 2,400 Unit of analysis
Episode of a synthetic monitored event across the
NEST machine.
] ) ] ] . ] Ground-truth
Fire Presence Simulated actual fire / non-fire condition Binary -
condition
] ) o Escalation
Al Confidence Fire prediction models trustworthy? 0-1 ]
variable
Other than the fire event, which is the event
) ) ) Safety-
that fire actually occurred, the non-fire event is
False Alarm o ) Percentage performance
the event that fire did not occur. Non-fire event
. ) outcome
is all other event except fire event.
) Safety-
Missed S
] Error in identifying fire event Percentage performance
Detection
outcome
) ) o Operational
Alert Latency Duration until the modeled alert was initiated Seconds
outcome
Evidences from other sensors Thank you
indication of evidence of validation from at
Multi-Sensor | least one other sensor in various from. begin(2 i Governance
) ) ) inary
Corroboration to6) values in SNMP count when bit 6 turns control
from 0 to 1 on end(7 to12) None indicates of
validation from a sensor other than snmp.
Human ) ) Oversight
o Human assessment, authorized Binary ]
Verification variable
Principle-effect
High-Risk Materially unsafe detection/governance Bi of the main
inary ) )
Alert Event outcome ethically-risky
outcome.
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The structure combines traditional detection metrics with governance factors. Missed
detections and false alarms are considered different outcomes because a model that lowers
one but raises the other might not actually lead to safer conditions. Al confidence and
corroboration are used to decide if a warning can be sent directly or checked further.

Human verification need not be associated with each detection event. It has been modeled as
a targeted failsafe against uncertain or conflicting conditions. This distinction is significant,
because an emergency system that always allows time for human verification may itself lead

to hazardous delay.

c) Tools/ Techniques

A variety of tools and techniques have been identified as relevant to WAM.

The simulation used conceptual visual categorization, environmental sensors, confidence,
multi-sensor corroboration, and rule-based escalation. Measuring included precision, recall,
false-alarm and missed-detection rates, alert latency, explanation scope, and human review.
Model of high risk alert outcome under binary logistic regression. Odds ratio and 95%
confidence interval were reported to demonstrate the relative modeled association of risk and
governance variables.

The figures are still synthetic and are not estimates of how any actual detector, building-
management system, computer-vision system, emergency agency or commercial Al platform

might perform.

Proposed Questionnaire for Future Fire-Safety Personnel Validation

The five questions listed below are presented for future empirical examination they were not
asked in this simulation:
1. lIts reason for recommendation is evident through the resulting fire alert derived by the
Al.
2. | can recognize that an alert is issued when the sensor data is high flux of reliability.
3. 1 am able to dismiss or escalate an alert generated by an Al when on-duty conditions
necessitate it.
4. Itis obvious that the system has kept a record of a fire alert, suppression or escalation.

5. I believe this system to allay fact other than substitute responsible man.
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These questions would have to be reviewed by experts and undergo psychometric testing
before they could be used empirically. No questionnaire data are shown.

d) Experimental Procedure

All synthetic episodes were initially determined to be fire conditions or non-fire conditions.
The monitoring architecture subsequently attempted to analyze the visual and environmental
signals that were provided.

Sensor-Only Baseline was traditional simulated alarm thresholds. D-F Al emphasized
sensitivity and fast detection. X-Al included evidence summaries and confidence info.
Responsible Al put in place further protections. Low-confidence detections were checked
against presences and absences of corroborating signals. Conflicting sensor signatures
prompted an extra single sensor check. Model confidence failures and sensor failures
generated a warning rather than a silent downgrade of the level of protection.
High-consequence conditions kept fail-safe action. Governance design thus does not need

perfect algorithmprecision prior to the ability to initiate emergency protection.

e) Evaluation Metrics

Precision quantified the fraction of modeled fire alerts that matched the simulated fire
occurrences.

Recall considers the number of true positive detections of simulation fire events.

The false-alarm rate measured the number of non-fire episodes that were erroneously
classified as fire.

The missed-detection rate, which measured how many true simulated fire episodes were not
correctly identified.

The latency of alert was recorded as the modeled time to produce a usable detection.

High risk alert event combined is a serious false alarms, missed detections, unhandled

uncertainty, failed escalation or inappropriate suppression of an alert.

Results

Note that every quantitative results presented here are purely synthetic simulation outputs and

thus are to be neither confused with the real life performances of a building, a wildfire-
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monitoring network, an emergency and fire service, fire brigade, CCTV system, alarm
producer and machine learning paper.

As results show, Al enhances simulated fire detection relative to the Sensor-Only Baseline,
but Governance significantly mediates whether these technical improvements proceed to
safer results. Detection-First Al is better at recall and faster response speed, but

underperforms the Responsible-Al system in human review and false alarms.

Table 2. Simulated Comparison of Intelligent Fire-Detection Architectures

Sensor-Only Detection-First | Explainable Responsible
Outcome )
Baseline Al Al Al
Detection Precision 88.1% 91.7% 93.6% 96.8%
Detection Recall 90.4% 94.9% 95.3% 97.2%
False Alarm Rate 12.8% 8.7% 6.4% 3.1%
Missed Detection Rate 9.6% 5.1% 4.7% 2.8%
Mean Alert Latency 18.7 s 8.9s 104s 116
Explanation Coverage 82.6% 35.8% 94.2% 97.1%
Successful Human
) 91.2% 44.6% 81.5% 96.4%
Review Access

High-Risk Alert Event

Rat 8.6% 10.8% 6.5% 3.9%
ate

Table 2 show Detection-First Al has the lowest simulated alert latency (8.9s) and that it
narrows recall against the Sensor-Only Baseline. But the fastest Alerting Al has not the best
overall safety profile. Its false alarm rate is still high at 8.7% and human-review available rate
is lowered to 44.6%.

For responsible Al, latency for Alert is slightly higher at 11.6 seconds, however it provides
the best overall blend of precision, recall, false-alarm management, missed-detection
management, explanation and human-review ability. False alarms are at 3.1% and missed
detection at 2.8.

The results thus indicate a significant safety trade-off. A few seconds more modeled

processing/corroboration could always be worth it if the reduction in false alarms were
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significant and the system still maintained its fail-safe immediate action for lifethreatening

situations.

Graph 1. Simulated Detection Errors Across Intelligent Fire-Detection Architectures

m False Alarm Rate
14 1 - Missed Detection Rate
12 6%

12+

—
=

Simulated Error Rate (%)
(=

Sensor-Only Detection-First Explainable Responsible
Baseline Al Al

Graph 1 directly juxtaposes the two most critical detection-error types, with false alarms
indicated as the number 1-99 and missed detections equating to2-2. The Sensor-Only
Baseline yields the most high detection-errors with values of 12.8% and 9.6%, respectively.
Responsible Al greatly improves the accuracy, but we observe that Responsible Al has the
least simulated value, 3.1% false alarm and 2.8% missed detection. Explainable Al is at an
intermediate level.

The significant conclusion is that governance safeguards need not come at the expense of a
compromise between low false alarms and high fire sensitivity. In the simulation multi-sensor

corroboration and focused human escalation permit both sets of errors to be reduced together.

Table 3. Simulated Logistic Regression Predicting a High-Risk Fire-Alert Event

Predictor B SE | Odds Ratio | 95 % CI for OR. | p-value
Visual / Environmental Ambiguity 1.075 | 0.209 2.93 1.95-4.41 <.001

Unsupported Single-Sensor

) 0.881 | 0.198 2.41 1.64-3.55 <.001
Confidence
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Communication / Network
) 0.779 | 0.191 2.18 1.50-3.17 <.001
Interruption
Unmonitored Model Drift 0.982 | 0.205 2.67 1.79-3.99 <.001
Multi-Sensor Corroboration —0.868 | 0.181 0.42 0.29-0.60 <.001
Confidence-Based Escalation -0.734 | 0.172 0.48 0.34-0.67 <.001
Human Verification -1.079 | 0.193 0.34 0.23-0.50 <.001
Fail-Safe Emergency Action -0.942 | 0.187 0.39 0.27-0.56 <.001

The most pronounced modeled increase in high risk alert outcomes (odds ratio 2.93) is
associated with visualization or environmental ambiguity. Unmonitored drift is next (odds
ratio 2.67) showing the importance of including deployment conditions as part of system
validation.

The risk of unsupported single-sensor confidence and communication breakdown can be seen
here too. We see what the danger is in taking a high probability that can be generated from
one channel for granted without looking at sensor availability or the environment.

However the human verification is the strongest modeled protective association for the
governance mechanisms, with an odds ratio of 0.34. Fail-safe action, multi-sensor
corroboration and confidence-sensitive escalation are also strongly protective. These
coefficients are results of the simulation and should not be interpreted as estimates from fire

operational fire systems.

Graph 2. Simulated Governance Risk Across Fire-Detection Conditions
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Graph 2 compares the impact of environmental complexity on simulated high-risk alerts. In a
set of carefully-controlled indoor environments, the Detection-First Al has a risk rate of
5.6%, where Responsible Al with human judgment has 3.2%.

The gap between them increases for more challenging conditions. Under cooking or steam
interference, Detection-First Al has 11.4%, Responsigile Al has 5.1%. Under low-light or
smoke-obscuring condition, 15.7% and 6.8%.

There is a more contrived exaggeration of the circumstances evaluated, involving weather
outside in the open, where the simulated risk reaches as high as 18.9 under Detection-First
Al, and only 7.6 under Responsible-Al. This highlights the value of judicious governance in
context, when it is needed the most: The more unavoidable the ambiguity of one case, the

more important T&C becomes in making things better.

Discussion / Critical Discussion
a) Comments on the interpretation of the detection and safety results

The main result shows that the greatest sensitivity is not the greatest fire-safety utility.
Detection-First Al gives early warnings and high recall, but the Responsible-Al architecture
offers a superior tradeoff with regard to the combined metrics of true detection, false alarm
mitigation, missed fire defense, and emergency management.

This distinction matters because alarm systems function within human institutions. Too many
false alarms cause operational disruption and may undermine trust in an auto-mated warning,
while missed detections delay life-safety intervention; responsible Al manages both as
governance issues, instead of focusing on a single metric to optimize.

The findings indicate that several seconds of additional alert processing, to arrive at a
propositional conclusion, is worth permitting if it signifies acceleration of corroborative
detection measures but not if it indicates an organizational lag. But this cannot be every
event. A self-evidently a very hazardous incident must not be compromised by a fitful second
opinion. Ethical controls should stipulate in advance where to draw the line.

b) Comparison With Previous Research

The results are consistent with the conventional body of fire-detection research. Frizzi et al.,

has established the feasibility of CNN-based video fire and smoke detection, the work of
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Sharma et al., implies the applicability of deep CNN architectures for image-based fire
detection.

The commission of decay under ambiguous situation is also compatible with the work of
Muhammad and other researchers about uncertain surveillance conditions in hazy, foggy,
smokey. The investigation of three-dimensional CNN smoke detection by Lin and colleagues
and the recognition of wildfire smoke by Li and colleagues illustrate why those features of
spatial and temporal smoke should be examined independently not by picture classification
generally.

The false-alarm results align with decades of previous detector research indicating that
nuisance sources constitute a significant assessment challenge. NIST testing has explored
nuisance situations associated with cooking and the effectiveness of smoke alarm
technologies in fire and non-fire situations, making a compelling safety argument for
conducting intelligent detection system tests with realistic negatives rather than fire-centric

benchmark data sets.

c) Why Responsible Al Produces a Different Performance Profile

Responsible Al plays differently because it alters the function of the prediction. For
Detection-First Al, a high classification score rapidly approaches an alarm. For Responsible
Al, the score is analyzed in conjunction with sensor context, environmental ambiguity,
confidence, and consequence.

This design can be advantageous for borderline situations. Steam seen near the kitchen
camera could be visually similar to smoke and fog could be difficult to see when outdoors. A
competent system will cross-check visual evidence with heat, smoke, environmental or time
information prior to raising an ambiguous alarm.

The governance model further evolves with human supervision. Humans are engaged
selectively rather than universally. Conditions which are likely high risk, high confidence are
maintained in fail-safe, automatic mode, while uncertain conflicts are escalated to the human
state expert.

Finally, Responsible Al brings in lifecycle governance. To accurately identify objects in the

environment, various components contribute: model drift, sensor movement, new camera
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angle or viewpoints, change in environment, software updates all need revalidation. A model

that did well at commissioning need not be assumed as just as robust years later.

Research Contribution and Implications

The main theoretical innovation is to replace detect-accuracy maximization with an n-
dimensional fire-safety goal:
Detection Reliability + False-Alarm Prevention + Missed-Fire Safety + Explainability +
Human Leadership + Fail-Safe Safety + Accountability
This framework suggests for the fire-safety engineers that the based models should be tested
on the truthful positive and negative examples like steam, dust, fog, bright lights, limited
light, partial smoke, sensor failure.
When it comes to building operators, Al alerts should be linked to existing emergency
response procedures, rather than establishing an Al alarm hierarchy that personnel find
confusing.
For fire departments and emergency personnel, then explainability should be about
operational evidence rather than technical details of model internals. A selection of relevant
information can be:

« Region corresponding to the filtered smoke or flame

o Located on the static part of the robot (casing, wall, etc...) fora supporting

sensorsignals is obtained

« confidence level

e location

« For duration of detection

o Whether the alert was proved on its own merits
For software vendors, documentation should state supported environments, training
constraints, sensor requirements, fallback operation, confidence levels, maintenance
responsibilities, and known failure modes.
On privacy governance, pictures captured to monitor for fire detection should not be (abused
as) turned into employee monitoring, behavior analyzing, or unrelated security data. Most

importantly: a purpose limitation should still be a core principle in deployment.
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Installation, maintenance, investigation of incidents, control of software modification and, at
regular intervals, validation , all these steps should be performed with a work station for the

use of regulators and safety auditors.

Conclusion

Al will enhance firedetecting systems in identifying intricate sensor and visual cues and aid
swift identification of smoke or flame. Previous pre-2021 work demonstrated the viability of
CNN driven detection in detection through video surveillance, wildfire imagery,
unpredictable environmental states.

A technically robust classifier alone is not sufficient for a reliable fire-safety system. Fire
detection involves simultaneously balancing false alarm rate and probability of detection,
which depend on the combinations of environmental complexity, sensor reliability,
confidence calibration and procedures.

Simulation results show that Responsible Al can maintain high detection capability with less
false alarms and less missed fire cases. Its main benefits are derived from multi-sensor
corroboration, confidence sensitive escalation, human validation, fail-safe emergency
protocols, and ongoing model supervision.

The general conclusion is that even if the Al is used, it would be part of a hierarchical fire-
safety framework. It should be able to provide pattern recognition on a faster pace than visual
observation, enhances situational consciousness, but the ultimate system safety would be
relied on the sensors’ stability, process descriptions, knowhow authority, descriptive
uncertainties, and constant validation. To be less wrong in safety-related fire-identification,
responsible Als are thus those that are not just an accurate model, but an accountable

emergency system.

Limitations

The most significant limit is the entire study is simulated. We did not analyze any real
building fire, wildfire, industrial process, inhabitants, firefighters, fire department, emergency

communication system, surveillance systems, or commercially available alarm platform.
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The simulated rates, then, cannot be used as evidence of real-world detection accuracy, false-
alarm frequency, missed-fire probability, emergency-response time, or risk reduction.
Furthermore, the paper does not account for a wide range of fire environments. For instance,
the architectures of sensors and escalation can be significantly different for residential homes,
manufacturing facilities, public transportation, storage facilities, wilderness areas, healthcare
institutions, data centers and underground facilities.

The coefficients from logistic-regression are synthetic, and do not support causal inferences.
There are privacy effects but they are discussed in a conceptual manner not as empirically
measured effects through analysis of surveillance data.

Lastly, the framework should be used as a supplement to, and not a replacement for, all
relevant fire codes, detector standards, emergency-response plans, engineering judgment, and

regional regulatory requirements.
Future Work

Further experiments should confirm the framework in controlled fires with well-documented
sensor data and image captures. Actual fires, as well as various nuisance cases should be

examined.

Further experiments should confirm the framework in controlled fires with well-documented
sensor data and image captures. Actual fires, as well as various nuisance cases should be
examined.

Multi-sensor should investigate the interaction between visual models and smoke, heat, gas,
infrared, acoustic and environmental sensors and identify the combinations of sensors which
provide the most significant gains, while minimising system complexity.

Calibration should also be studied in future work. It must be established that a model‘s
confidence reflects its reliability in a functional fashion such that confidence-based escalation
rules are defensible.

Research into model drift is especially relevant. Long-term studies should look into the effect
of camera aging, contamination, repositioning, seasonality, environmental change and

software updates on detection performance.
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Research into human-factors need to examine how the fire-fighting team, control-room staff,
engineering safety workers and building people perceive alerts and explanations by Al.

Cyber security should also be given more to focus as these networked wise detection system
might itself get prone to influence, data forging or even service denial.

Lastly, further work should establish clear incident-audit methodologies that will be able to
indicate what the Al detected, which sensors contributed and what confidence was created.
They should also show how the alert was escalated and what human or automated action

ensued.
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