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Abstract

The lack of scientific methods for selecting monitoring indicators and equipment under-
mines the efficiency of forest fire emergency response. To address this gap, we developed a
novel evaluation model for emergency monitoring indicators based on the spatiotemporal
evolution of forest fires. The model, comprising four primary and eight secondary factors,
leverages a hybrid TriFAHP and DBN approach to objectively determine factor weights
based on survey data from 20 domain experts. The results indicate that the primary factor
weights rank as follows: Monitorability (0.3807) > Timeliness (0.3353) > Sensitivity (0.1874)
> Feasibility (0.0966). Four indicators (wind speed, temperature, flame, and gas) were
identified as the most suitable for core monitoring. Furthermore, stage-specific monitoring
strategies were proposed, prioritizing different core indicators across the ignition, spread,
and fully developed fire stages. An indicator and equipment association was established,
recommending optimal configurations such as UAV-mounted thermal imagers and lidar
anemometers. The practical applicability of the proposed framework was successfully vali-
dated through real-world case studies, including the 2019 to 2020 Australia bushfires. This
study provides a standardized framework aligning indicators, equipment, and scenarios,
offering theoretical and practical guidance for optimizing emergency monitoring systems.

Keywords: forest fire; emergency monitoring indicators; indicator-equipment matching;
stage-specific monitoring; TriFAHP-DBN

1. Introduction
Forest fires represent a highly destructive global environmental challenge, character-

ized by a complex and highly non-linear spatiotemporal evolution Eslamzadeh et al. [1].
On a temporal scale, forest fires typically progress through four rapidly evolving stages:
ignition, spread, fully developed, and decline [2]. Spatially, fire spread exhibits significant
heterogeneity. The fireline acts as the critical advancing front, dictating the morphology of
burning zones with varying intensities, such as the fire head and flanks [3]. For instance,
established fire behavior models like FARSITE rely on key parameters describing fireline
development—specifically, fireline intensity, movement speed, and spread direction—to
predict fire propagation [4]. Given that these parameters exhibit highly non-linear vari-
ations over time, the rapid spatiotemporal evolution of forest fires poses a tremendous
challenge to emergency response efforts. Consequently, it is imperative that monitoring sys-
tems possess the capability to track these dynamic changes in real time with high accuracy.

Current research on forest fire prediction and monitoring predominantly focuses on
two main areas. The first area involves collaborative monitoring using multi-sensors and
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unmanned aerial vehicles (UAVs) for early warning, timely detection, and auxiliary fire-
fighting. For instance, Momeni and Hashem [5] developed a collaborative system utilizing
sensors and drones to track temperature data, demonstrating its efficacy in accurately iden-
tifying fires and assisting in suppression. Similarly, Tareq [6] simulated wildfire scenarios
using sensor networks to monitor indicators such as smoke, temperature, humidity, and
wind speed. The second area focuses on constructing probability prediction and disaster
risk assessment models driven by extensive historical fire and meteorological data. For ex-
ample, Zacharakis and Tsihrintzis [7] comprehensively analyzed 230 studies on integrated
modeling approaches for estimating forest fire danger—incorporating machine learning, ge-
ographic information systems (GIS), remote sensing, and various modeling techniques—to
develop an Integrated Wildfire Danger Risk System (IWDRS). Palatkin et al. [8] discussed
the application of logistic regression (LR) in evaluating forest fire probabilities, demonstrat-
ing that fire predictions based on meteorological data (e.g., temperature, humidity, wind
speed, and precipitation) play a pivotal role in risk management and loss reduction. Fur-
thermore, Hiremath and Kannan [9] developed a random forest-based classifier utilizing
prior-day observations of land surface temperature, near-surface air temperature, relative
humidity, and soil moisture to predict the occurrence of fire events. Collectively, these
studies have significantly advanced the prevention and control of forest fires.

However, during the deployment phase prior to active monitoring, particularly in
the context of emergency monitoring at active firefighting scenes, there remains a notable
lack of systematic research on how to scientifically select applicable monitoring indicators
and matching equipment. Historically, the selection of these indicators and equipment
has relied heavily on the subjective, empirical judgment of rescue personnel. This reliance
on experience-based configuration severely compromises the efficiency of emergency fire
monitoring and can even delay critical rescue operations. Therefore, to accurately grasp the
fire’s trajectory and trends during the rapid spread phase, a more critical and foundational
step must be taken prior to the actual implementation of monitoring: precisely determining
which equipment should be utilized to monitor which key indicators. Addressing this issue
holds profound practical significance: it provides a standardized and scientific basis for
the rapid and precise allocation of monitoring resources in highly complex and dynamic
fire environments. Furthermore, by fundamentally transforming the passive, experience-
driven traditional models, this scientific configuration serves as a crucial prerequisite for
scientifically commanding firefighting and rescue operations, thereby minimizing fire-
induced losses to the greatest extent possible.

Conducting this critical research, however, is fraught with significant challenges. First,
the emergency monitoring phase demands exceptionally high Timeliness and accuracy.
Response efforts are a race against time, as both direct and indirect losses escalate exponen-
tially as the fire progresses. Second, the extreme environments of active fire scenes impose
severe hardware constraints on monitoring equipment. Certain monitoring devices may
function adequately during the initial stages but are highly prone to failure as ambient
temperatures surge. Furthermore, dense smoke and particulate matter can severely de-
grade the monitoring accuracy of many instruments. Finally, during sudden emergency
outbreaks, there is typically a distinct lack of sufficient and highly relevant historical data
for the specific context. Consequently, attempting to reference previous studies and rely on
historical data-driven methods to select applicable indicators and monitoring equipment
in real time is difficult. Facing these numerous research bottlenecks, the integration of the
Triangular Fuzzy Analytic Hierarchy Process (TriFAHP) and a Deep Belief Network (DBN)
demonstrates high applicability in this study [10]. This hybrid method effectively handles
small sample sizes by quantifying the implicit experience of domain experts and processing
fuzzy evaluations without requiring massive historical datasets. Furthermore, this method
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has already been successfully applied in various other complex decision-making fields,
providing an excellent methodological reference for this research [11].

Given the lack of a theoretical basis for scientifically selecting monitoring indicators
and equipment prior to the actual deployment phase, this study constructs a novel appli-
cability evaluation model for emergency monitoring indicators and equipment using the
integrated TriFAHP and DBN method [12]. This is achieved based on a comprehensive anal-
ysis of the spatiotemporal evolution characteristics of forest fires and the specific demands
of emergency monitoring. The specific structure of this paper is as follows: Section 2 details
the spatiotemporal evolution characteristics of forest fires and the integrated methodol-
ogy. Section 3 presents the quantitative evaluation results for both the core monitoring
indicators and their matching equipment, alongside the proposed staged monitoring strate-
gies. Section 4 discusses the statistical validation of the model, provides empirical support
through practical case studies, and explores the methodological limitations and future
research directions. Finally, Section 5 concludes this study. The core significance of this
work is that it not only provides a solid theoretical foundation and quantitative tools for the
scientific selection of monitoring indicators and equipment during the emergency response
phase, but also perfectly complements previous research focused on improving fire mon-
itoring accuracy, thereby jointly refining the comprehensive monitoring and prevention
system for forest fires.

2. Methods
2.1. Methodology

This study designed a comprehensive evaluation workflow to support the scientific
selection of monitoring indicators and their corresponding equipment during forest fire
emergency responses. The entire evaluation process consists of four sequential phases
(Figure 1). Phase (1) involves the construction of the evaluation models. Based on an in-
depth analysis of the spatiotemporal evolution characteristics of forest fires and the specific
demands of emergency monitoring, a two-tier evaluation factor system for monitoring
indicators, alongside a highly correlated evaluation model for monitoring equipment, was
established. Phase (2) encompasses a two-stage longitudinal questionnaire design and
evaluation data collection. Stage one was designed to collect the experts’ pairwise compari-
son results for the evaluation factors and their initial scores for the candidate monitoring
indicators. Stage two was a follow-up survey deployed after the core indicators were
identified, aiming to collect the experts’ scores exclusively for the monitoring equipment
that technically matched those selected core indicators. Phase (3) focuses on model weight
calculation. To enhance the objectivity of subjective weighting, a Deep Belief Network
(DBN) was integrated with the Triangular Fuzzy Analytic Hierarchy Process (TriFAHP)
to process the collected questionnaire data, thereby calculating the objective weights of
the evaluation factors at each level. Finally, Phase (4) entails a sequential comprehensive
evaluation and application. By incorporating the calculated weight results, the most ap-
plicable monitoring indicators were first evaluated and selected. Subsequently, based on
the finalized core indicators, their matching equipment in emergency monitoring scenarios
was ultimately evaluated.
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Figure 1. The methodological evaluation workflow for the applicability of forest fire emergency
monitoring indicators and equipment.

2.2. Emergency Monitoring Requirements for Forest Fires

In previous studies on forest fire monitoring, researchers have increasingly recognized
that different stages of fire development present distinctly different key influencing factors
on the effectiveness of monitoring systems [13]. For instance, some scholars have pointed
out that the ability to capture weak, early-stage signals dictates the success of fire early
warning and initial suppression [14]. Other studies have emphasized that, under extreme
fire conditions, the operational stability of equipment and the real-time transmission
of data are the core foundations for supporting dynamic tactical decisions [15,16]. These
influencing factors are inextricably linked to the highly non-linear spatiotemporal evolution
of forest fires [17]. Therefore, to construct a scientific emergency monitoring evaluation
system, this study systematically summarizes the core demands of emergency monitoring
by integrating these key influencing factors—derived from a comprehensive literature
review—with the four specific stages of fire evolution.

During the ignition phase, the core demand is the earliest possible detection of weak
heat sources or smoke beneath the canopy or on the surface [18]. This requires that the
monitoring indicators and accompanying equipment possess exceptionally high sensitivity
to sudden signal variations, enabling precise intervention before the fire spreads uncon-
trollably. For example, Yao et al. [19] utilized Himawari-8/9 imagery as the primary data
source and introduced a spatial feature (STF)-based forest fire detection method. This
approach significantly enhanced the recognition capability for low-temperature fire pixels,
thereby greatly improving the sensitivity of rapid fire spot identification during the early
stages of a forest fire.

In the spread phase, as the fire expands rapidly with fluctuating directions, the emer-
gency command center must quickly locate the fireline and dynamically analyze fire
behavior. For instance, Valencia et al. [20] utilized unmanned aerial vehicle (UAV) tech-
nology to generate high-resolution, two-dimensional measurements of Byram’s fireline
intensity in the study area, revealing the rapid, non-linear dynamic variations in the fireline
intensity across the entire plot. Consequently, monitoring efforts during this stage must
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balance high Timeliness with adequate spatial coverage, preventing the loss of optimal
firefighting windows due to delayed information [21].

Once the fire enters the fully developed phase, the situation becomes highly complex,
characterized by extreme environments such as intense heat, dense smoke, and strong
convective winds. At this point, it is imperative to ensure that monitoring equipment
can overcome environmental interferences and operate stably. Thus, there is a profound
emphasis on the high feasibility and reliability of the monitoring schemes and hardware
equipment under actual high-stress conditions. To achieve these complex monitoring
objectives that heavily rely on stringent Timeliness and extensive spatial coverage, Internet
of Things (IoT) systems are widely deployed, utilizing diverse sensor networks to monitor
environmental and fire parameters in real time and track potential fire risks. These devices
typically include sensors for temperature, humidity, gas concentrations (e.g., CO, PM2.5),
wind speed and direction, as well as visible light and infrared imaging sensors [22–28].

Finally, during the decline phase, as the fire is gradually brought under control, the
monitoring focus shifts toward the precise assessment of residual smoldering spots, burned
areas, and disaster-induced damage. This requires the acquired monitoring data to exhibit
high accuracy and Monitorability, thereby effectively supporting post-disaster mop-up and
evaluation operations. As demonstrated by Ioannis Kotaridis [29], precise and regularly
updated maps of burned surface areas are crucial for fire management. By delineating the
extent of burned areas using Sentinel-2 and Landsat-8 optical data, the proposed results
showed remarkable consistency with actual ground truth. As shown in Figure 2, based on
the systematic elucidation of the core demands across these stages and existing monitoring
technologies, this study distills the four key dimensions that govern the efficacy of both
emergency monitoring indicators and their corresponding equipment:

Figure 2. Conceptual diagram of the emergency monitoring requirements for forest fires.

1. Monitorability: The system must work stably and provide accurate data in harsh
conditions like high heat and thick smoke [30], thereby providing a reliable basis for risk
assessment and early-warning decision making. This links to the model factors “accuracy”
and “stability” [31].

2. Feasibility: After ensuring the measurability of the indicators, it is necessary to
determine whether they can be effectively deployed and achieve adequate coverage in a
vast and complex fire scene. Therefore, feasibility primarily considers the monitoring scope
and the agility of equipment deployment [32].
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3. Timeliness: The monitoring data must be updated fast enough to match the speed
of fire change [30]. Accordingly, this study deconstructs Timeliness into two components:
“response lag” and “effective duration [33]”.

4. Sensitivity: The monitoring indicators must accurately reflect the current fire status,
sensitively capture its sudden changes, and reliably indicate its evolving trend to support
decision making [34].

2.3. Emergency Monitoring Indicator Evaluation Model

Based on a comprehensive analysis of the spatiotemporal evolution of forest fires and
the requirements of emergency monitoring, this study develops an evaluation model with
a two-layer hierarchical structure. The definitions and significance of each evaluation factor
in disaster monitoring are presented in Table 1.

Table 1. Definitions of evaluation factors and their significance in disaster monitoring.

First-Level
Assessment Factor Secondary Assessment Factor Definition Significance in Disaster

Monitoring

Monitorability
Accuracy

The deviation between the
monitoring data and the
actual status.

Affects the reliability of early
warnings and helps avoid false or
missed alarms [35,36].

Stability The continuous working ability of
the system in harsh environments.

Ensures the long-term validity of
monitoring data [37,38].

Feasibility

Equipment deployment agility

The total time required from
decision making for monitoring to
the equipment being in place and
transmitting valid data.

Provides effective data during
critical decision-making
windows [39,40].

Scope of the monitoring function

The maximum spatial range over
which a single monitoring device
can effectively collect
representative data [41].

It is related to the cost of
establishing a monitoring
network and the ability to
understand the overall
fire situation.

Timeliness

Lagging response of indicators

The time delay between the actual
occurrence of a key change in a
forest fire and the reliable capture
and output of this change by the
monitoring system [42].

Evaluates the delay between an
event’s occurrence and its
detection [43].

Effective duration of
monitoring indicators

The duration from when
monitoring indicator data are
collected until they can no longer
accurately reflect the current
environmental status, losing their
value for supporting rescue
decisions [44].

Determines the remaining useful
life of a data point in a changing
environment [45].

Sensitivity

Sensitivity to sudden disasters

The initial response capability and
response amplitude of monitoring
indicators to critical fire
conditions and key emergencies.

Enables rapid detection of key
turning points, such as fireline
acceleration or sudden intensity
changes, minimizing
underreporting risks [46,47].

Sustainability of indicator trends
The stability and reliability of the
direction of change in an indicator
after its response [48].

Captures characteristics of
impending disasters and provides
a basis for early warning [44].

Furthermore, to scientifically assess the matching monitoring equipment in the later
stages of this study, an equipment applicability evaluation model was concurrently es-
tablished. Because the first three primary dimensions, namely Monitorability, Feasibility,
and Timeliness, are intrinsically correlated with the hardware performance and opera-
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tional deployment of monitoring devices, they were specifically extracted to construct this
equipment evaluation model. The rationale for this adaptation is that the “Sensitivity”
dimension primarily characterizes the inherent physical relationship between a monitoring
indicator and the disaster’s evolution. Conversely, the performance of physical hardware
in extreme fire environments is predominantly dictated by its data acquisition accuracy
(Monitorability), operational speed (Timeliness), and deployment viability under extreme
constraints (Feasibility). Therefore, utilizing these three specific dimensions provides a
highly targeted and mechanically sound basis for evaluating the hardware equipment.

2.4. Weight Calculation for the Emergency Monitoring Indicator Evaluation Model
2.4.1. Expert Selection and Data Collection

We invited 20 experts for a questionnaire survey. The experts came from three related
fields: forest fire rescue (8), on-site monitoring (7), and emergency management (5). The
rationale for selecting experts from these three specific domains is that they span the entire
operational spectrum of forest fire emergency response, ranging from frontline execution to
back-end command and decision making. Furthermore, to prevent institutional or economic
clustering, these experts were deliberately recruited from multiple distinct provinces and
organizations across the country. This diverse geographic and economic background
ensures that the resulting evaluation is not skewed by localized administrative policies
or specific regional budgets. Because they occupy different roles, their perspectives on
monitoring requirements naturally differ in focus. Integrating their multi-dimensional
views ensures a comprehensive and well-rounded assessment of emergency monitoring
needs. All experts had over 7 years of work experience and had taken part in at least
6 practical projects. Although a sample size of 20 may appear limited from a purely
statistical perspective, multiple studies have confirmed that AHP models constructed by
10 to 30 strictly screened senior experts exhibit robust performance in structural validity,
weight stability, and practical decision-support capabilities. Furthermore, international
standards such as ISO/IEC 17065 [49] and the European Commission’s Joint Research
Centre (JRC) guidelines also endorse the principle that expert depth takes precedence over
breadth in qualitative modeling methods based on expert consensus [50,51].

The survey was conducted over a comprehensive three-month period using a
two-stage follow-up design under an anonymous protocol to ensure objective responses.
In the first stage, the 20 experts were asked to complete the pairwise comparison matrices
and score the broad list of candidate monitoring indicators. After the algorithm processed
these initial data and successfully identified the highest-priority core indicators, the second
stage of the survey was initiated one month later. In this follow-up stage, the exact same
panel of experts was tracked and invited to evaluate a specifically curated list of monitoring
equipment. This equipment was strictly selected based on its ability to monitor the core
indicators identified in stage one. The survey was conducted over a two-month period
under an anonymous protocol to ensure objective responses. The complete questionnaire
and judgment matrix examples are provided in Appendices A–C. Their decision-making
styles were also recorded, as such characteristics can influence judgment [52]. Specifically,
the “radicalism indicator” (ranging from 0 to 1) was quantitatively extracted from the
experts’ objective scoring behaviors during the pairwise comparison process. In the fun-
damental 1 to 9 scale of AHP, a conservative decision-maker tends to assign conservative
or neutral values (such as 1, 2, or 3), reflecting caution and a psychological tendency to
avoid asserting the absolute dominance of one factor over another. Conversely, a radical
or highly confident decision-maker more frequently utilizes extreme values (such as 7, 8,
or 9), indicating strong preferences and decisiveness. Mathematically, this indicator was
calculated by evaluating the variance and the frequency of extreme values within the scores
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assigned by each expert in their judgment matrices, followed by a min-max normalization.
This data-driven extraction ensures that the quantification of decision-making styles is
strictly rigorous and objective. Nevertheless, we acknowledge that this expert selection
may inherently introduce minor institutional or regional biases, which the subsequent DBN
algorithm is specifically designed to mitigate.

Upon collecting the questionnaires, a strict consistency check was performed to val-
idate the mathematical and logical coherence of the data before any complex algorithm
integration. At the individual level, the original pairwise comparison matrices of all
20 experts were rigorously verified. The calculated average Consistency Ratio (CR) for the
expert group was 0.0329, which is well below the standard threshold of 0.1. This confirms a
high degree of logical coherence in the experts’ initial judgments. Only judgment matrices
that passed this consistency check were permitted to enter the subsequent TriFAHP and
DBN processing stages. This pre-screening practice effectively prevented any fundamental
logical contradictions from being propagated or amplified during the non-linear DBN
weighting and fuzzy aggregation processes.

2.4.2. TriFAHP and DBN Integration Process

A hybrid approach combining the Triangular Fuzzy Analytic Hierarchy Process (Tri-
FAHP) and a Deep Belief Network (DBN) was employed to calculate the weights. Simply
put, a Deep Belief Network (DBN) is an advanced multi-layered machine learning model
that automatically learns hidden, hierarchical patterns from complex data without requiring
pre-labeled examples [53]. In this study, it acts intuitively as an “expert bias detector” that
recognizes an individual’s underlying scoring habits (e.g., being consistently conservative
or radical) to objectively calibrate their final weighting. To briefly delineate this methodol-
ogy, TriFAHP was utilized to capture and quantify the inherent fuzziness and hesitation
in human judgment by employing triangular fuzzy numbers rather than crisp values [54].
Concurrently, the DBN acts as an unsupervised feature extractor that delves into the la-
tent patterns of expert scoring data to identify individual “decision-making styles” and
potential biases. Based on these extracted latent features, the DBN generates a personalized
correction coefficient β to calibrate the original scores and penalize extreme subjective
deviations. Through this dynamic weighting mechanism, the DBN effectively mitigates the
interference of individual subjectivity, systematically transforming purely subjective expert
ratings into more objective, reliable, and consensus-driven final weights [55]. The specific
steps are as follows (see Figure 3).

First, the evaluation factors were scored by experts through pairwise comparisons.
The fuzziness in these judgments was processed using the TriFAHP method.

Subsequently, a DBN was utilized to analyze the subjective characteristics underlying
the expert scores. Four expert attributes served as input to the model: professional field,
years of experience, number of projects participated in, and a radicalism indicator (derived
from experts’ choices in simulated monitoring scenarios). The numerical features (years of
experience, number of projects, radicalism indicator) were standardized, and the categorical
feature (professional field) was encoded using one-hot encoding.

The DBN was constructed with a single hidden layer, implemented as a Restricted
Boltzmann Machine (RBM). The input layer corresponded to the preprocessed feature
dimensions (3 numerical + 3 from one-hot encoding, totaling 6 nodes). The hidden
layer contained two nodes, designed to extract the experience weight feature (η1) and
the decision-style feature (η2), respectively. The architectural parameters, including the
single hidden layer, two nodes, a learning rate of 0.05, and 200 iterations, were configured
based on deep learning principles for small-sample environments [53]. Restricting the
model to a shallow architecture with only two hidden nodes reduces the number of free
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parameters. This design forces the network to focus on extracting essential latent patterns,
such as general scoring tendencies, and helps prevent the overfitting and noise-fitting
issues that frequently occur in complex models. In addition, a moderate learning rate
of 0.05 ensures stable model convergence without oscillation. Setting the training limit
to 200 iterations allows sufficient feature extraction while preventing the network from
over-training on random fluctuations within the limited dataset of 20 experts [55].

Figure 3. Flowchart for determining the weights of forest fire emergency monitoring indicators.
(a) shows that the process begins with collecting experts’ opinions on pairwise comparisons of
evaluation factors. (b) shows that the triangular fuzzy matrix method is then applied to analyze
the expert judgments. (c) indicates that the collected expert data are used to calculate individual
correction coefficients β through DBN model training. Finally, (d) demonstrates that these coefficients
are integrated with TriFAHP calculations to optimize the indicator weight values.

The preprocessed expert data were then fed into the trained DBN. Through forward
propagation, the activation values of the two hidden nodes were obtained. These latent
variables were normalized to produce the final quantified experience weight feature (η1)
and decision-style feature (η2). The entire process was implemented using the Bernoul-
liRBM module from the scikit-learn library, whose unsupervised learning nature helped
mitigate overfitting risks given the sample size.

These normalized features were then used to calculate a personalized correction
coefficient, β, for each expert. Referring to previous studies that applied DBNs to quantify
decision-making styles, the calculation follows the formula β = γ + λ(0.5η1 + 0.5η2), where
γ denotes the consensus coefficient (set to 0.7), λ represents the adjustment intensity (set
to 0.3), and η1 and η2 correspond to the two DBN outputs. Setting γ to 0.7 preserves the
robust baseline consensus of the expert group, while an adjustment intensity of 0.3 permits
a meaningful yet controlled moderation based on individual behavioral traits [56–59].

Based on the expert correction coefficients β and the judgment matrices, the fuzzy
geometric mean of each factor (worigin

i ) was calculated using Equation (1). This was followed
by normalization and defuzzification to obtain the deterministic weights (wi represent the
primary weight of the i-th primary factor, and wj represent the local weight of the j-th
secondary factor under the i-th primary factor). The global weight of each secondary factor
(Wglobal

j ) was then derived (Equation (2)).
Ultimately, the comprehensive applicability score (S) for each monitoring indicator is

computed through the weighted aggregation of these global weights and the k-th expert’s
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evaluation scores (Scoreijk) for the corresponding secondary factors (Equation (3)). The
mathematical formulation is corrected and clarified as follows:

worigin
i =

exp
(

∑K
k=1 βk·li,k

)
∑ βk

,
exp

(
∑K

k=1 βk·mi,k

)
∑ βk

,
exp

(
∑K

k=1 βk·ui,k

)
∑ βk

 =
(

wl
i , wm

i , wu
i

)
(1)

wi =
wl

i + wm
i + wu

i
3

, Wglobal
j = wi × wij (2)

S =
1
K ∑K

1

(
∑4

i=1 ∑2
j=1 Wglobal

j × Scoreijk

)
(3)

2.4.3. Stability and Robustness Analysis of the Weights

To assess the stability and reliability of the calculated weights, a non-parametric boot-
strap analysis was performed. Using the original dataset of the 20 experts’ judgment
matrices and their personalized correction coefficients β, 1000 bootstrap samples were
generated by random resampling with replacement. Multiple studies indicate that for
estimating the standard errors or confidence intervals of common statistics, such as means,
medians, or correlation coefficients, reaching 1000 iterations is generally sufficient to achieve
adequate accuracy and robustness [60–62]. This iteration count effectively balances compu-
tational efficiency with the need to ensure the stable convergence of the non-parametric
distribution, particularly when dealing with a limited original sample size. For each sample,
the entire TriFAHP-DBN weight calculation process (Equations (1)–(3)) was replicated. The
95% confidence intervals (CI) for each factor weight were then derived from the 2.5th and
97.5th percentiles of the resulting bootstrap distributions.

2.5. Overview of Common Monitoring Indicators for Forest Fires

To assess the applicability of forest fire monitoring indicators in emergency fire sup-
pression, a systematic literature retrieval and screening process was conducted to identify
and evaluate candidate indicators. The literature search was executed across core academic
databases, including Web of Science, Scopus, and IEEE Xplore, primarily focusing on publi-
cations from the past decade. The search strategy utilized combinations of keywords such
as (“forest fire” OR “wildfire”) AND (“monitoring indicators” OR “emergency response”
OR “sensor detection”).

Upon retrieving the initial pool of the literature, specific inclusion and exclusion criteria
were explicitly defined to filter the candidate indicators and ensure their practical feasibility.
For the indicators, the inclusion criteria required that they must exhibit observable and
rapid dynamic changes during the short-term active fire suppression phase. Conversely,
the exclusion criteria were set to filter out static environmental variables that do not change
considerably over short periods (e.g., topography, soil type) and macro-level socio-economic
factors. Most importantly, a strict “indicator-equipment pairing” criterion was enforced.
This criterion mandated that for every selected indicator, there must be technologically
mature, field-deployable monitoring equipment currently available. If an indicator is
theoretically valuable but lacks a matching portable or remote-sensing device for immediate
frontline deployment, it was strictly excluded to ensure operational relevance.

The initial survey results identified four main categories of indicators: physical state,
meteorological, environmental, and human-factor indicators. Applying the aforementioned
criteria, the environmental and human-factor indicators were strictly excluded. In contrast,
physical state indicators and meteorological indicators exhibit clear temporal variability
during forest fires. Furthermore, they are fully supported by mature technical hardware,
such as portable weather stations, UAV-mounted thermal imagers, and gas detectors,
thereby perfectly aligning with the “indicator-equipment pairing” standards. Based on this
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rigorous screening process, the highly relevant physical state and meteorological indicators
are summarized in Table 2.

Table 2. Summary of commonly used physical and meteorological monitoring indicators for
forest fires.

Indicator Category Specific Indicators Application

Smoke Smoke presence, concentration, diffusion
pattern, smoke type, thin smoke pixels, etc.

Typically appears in the early stage of a fire,
with a spread area much larger than the actual
fire, making it a key indicator for early fire
detection and for locating the fire [63,64].

Flame
Flame color, motion characteristics, area
change rate, flicker frequency, acute circular
angle, etc.

Helps effectively distinguish real fires from
flame-like obstructions and identify different
types of fires [64,65].

Temperature Local temperature, radiance temperature, hot
spots (surface temperature)

Core indicator of fire occurrence; brightness
temperature from satellite remote sensing is
used to identify high-temperature heat sources
and classify fires [66,67].

Combustion product gas Concentration of CO and CO2

Specific gases released during combustion are
monitored by satellites to assess the fire’s scale
and damage [68,69].

Meteorological temperature Air temperature, dew point temperature, and
monthly maximum/average temperature

Influences the drying of combustible materials,
fire occurrence probability, and fire spread. It is
the core input for various fire risk
indicators [70–72].

Humidity Relative humidity, air humidity, monthly
minimum/average relative humidity

Low humidity reduces fuel moisture and
increases flammability, thereby increasing the
risk of fire [67,73,74].

Precipitation Precipitation, 24 h cumulative precipitation,
consecutive dry days

It directly influences forest humidity and fuel
moisture, making it an important factor in
preventing fire occurrence [67,73,74].

Wind power Wind speed, wind direction, 10 m open
wind speed

It influences both the speed and direction of
fire spread and accelerates fuel drying [72].

3. Evaluation Results of Emergency Monitoring Indicators for
Forest Fires
3.1. Analysis of Expert Characteristics and β Values

As shown in Figure 4, the 20 experts’ professional tenure ranges from 7 to 30 years,
encompassing participation in 6 to 96 practical projects. Regarding decision-making styles,
the quantitative extraction revealed 8 experts as radical (radicalism indicator > 0.6), 7 as
neutral (0.3 to 0.6), and 5 as conservative (radicalism indicator < 0.3).

The calculated personalized correction coefficients (β) range from 0.750 to 0.975, with
13 experts (65%) receiving β values below 0.850. This wide distribution of β values quanti-
tatively demonstrates the substantial individual differences and inherent subjective biases
arising from the experts’ diverse professional backgrounds and operational focuses. Con-
sequently, applying the DBN model to generate these personalized coefficients is highly
necessary. It effectively penalizes extreme biases and ensures the mathematical objectivity
and reliability of the final weighting process.
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Figure 4. Expert characteristics and calculated values of β. (a) Total number of practical projects
participated in by the experts; (b) professional tenure of the experts; (c) quantitative radicalism
indicator derived from expert scoring behaviors; (d) calculated personalized correction coefficient (β)
based on the data recorded in the preceding panels.

3.2. Model Evaluation Result

Based on the valid pairwise comparison matrices with an average Consistency Ratio
(CR) of 0.0329, the deterministic weights for the forest fire emergency monitoring indicator
evaluation model were calculated. The 95% confidence intervals (CIs) derived from the
1000 bootstrap resampling iterations are presented in Table 3. The ranking of the primary
evaluation factors is as follows: Monitorability (0.3807) > Timeliness (0.3353) > Sensitivity
(0.1874) > Feasibility (0.0966). The non-overlapping bootstrap confidence intervals confirm
that these weight differences are statistically significant. Among the secondary factors,
accuracy (0.6135) and indicator response lag (0.8000) dominated their respective primary
dimensions. This weight distribution highlights that optimizing a forest fire emergency
monitoring system must strictly prioritize data accuracy and real-time acquisition.

Table 3. Calculated weights of model evaluation factors.

First-Level
Assessment Factor Weight Value 95% Bootstrap CI Secondary Assessment Factor Local Weight Global Weight

Monitorability 0.3807 [0.3521, 0.4089]
Accuracy 0.6135 0.2336
Stability 0.3865 0.1471

Feasibility 0.0966 [0.0823, 0.1138]
Equipment deployment agility 0.8000 0.0773

Scope of the monitoring function 0.2000 0.0193

Timeliness 0.3353 [0.3102, 0.3615]
Lagging response of indicators 0.8000 0.2682

Effective duration of monitoring indicators 0.2000 0.0671

Sensitivity 0.1874 [0.1650, 0.2122]
Sensitivity to sudden disasters 0.4940 0.0926

Sustainability of indicator trends 0.5060 0.0948

Following the weight calculation, the comprehensive applicability scores (S) for each
candidate monitoring indicator were computed using Equation (3). The evaluation results
revealed a distinct group of four core indicators: wind speed, temperature, flame, and
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combustion product gas. Their scores were significantly higher than those of the other can-
didates, justifying their selection as the most suitable indicators for emergency monitoring.
However, this ordering should be interpreted as a flexible guidance tool for emergency
decision making rather than an absolute hierarchy, as the optimal choice dynamically shifts
depending on specific contextual factors. For instance, regarding the physical evolution of
fire stages, the distinct disaster demands inherently dictate that flame and wind speed take
precedence during the ignition phase, whereas temperature emerges as the core indicator
during the fully developed stage. Furthermore, regarding terrain types, in steep or inac-
cessible mountainous regions, indicators relying on heavy ground equipment might see a
significant decrease in their feasibility scores, making remote sensing indicators like tem-
perature and smoke much more preferable. Additionally, concerning resource availability,
in scenarios with constrained budgets or limited technical support, highly intuitive visual
indicators such as flame and smoke monitored via basic optical devices would naturally
rank higher than complex combustion gas concentrations requiring expensive analytical
instruments. Therefore, this model provides a scientific baseline that frontline commanders
should dynamically adjust based on actual field constraints. The detailed scores across the
primary dimensions for these indicators are illustrated in Figure 5.

Figure 5. Evaluation results of forest fire emergency monitoring indicators. (a) Mean expert scores
for the monitoring indicators across monitorability, feasibility, timeliness, and sensitivity dimen-
sions; (b) final applicability scores for each monitoring indicator and the degree of dispersion in
expert ratings.

Based on the evaluation ranking of indicators and their multidimensional performance
profiles revealed in Figure 5, the core competencies and application boundaries of each
indicator can be delineated. For instance, the temperature indicator scored highest in
Monitorability and Sensitivity but received only a moderate score in Feasibility. This
characteristic determines its primary suitability for monitoring high-intensity fire scenarios
where stable deployment is possible and precise tracking of fire intensity is required.
Consequently, forest fire emergency monitoring should not rely on a single indicator or a
fixed combination. Instead, it should dynamically prioritize the most pertinent indicators
based on the spatiotemporal evolution of the fire and the core demands of each stage.
Accordingly, a differentiated monitoring priority scheme is proposed:

1. Ignition stage: Indicators with high Sensitivity and Timeliness are critical. Flame
and wind speed scored highest in these dimensions (as per Figure 5), supporting their
prioritization for early detection. In contrast, while temperature and gas are also sensitive,
they typically respond more slowly to initial ignition signals compared to the immediate
visual detection of flame and the immediate influence of wind on initial fire behavior.
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2. Spread stage: Demands for spatial coverage and data frequency increase. Wind
speed maintains a high composite score and is the dominant meteorological driver of
spread, confirming its role as a key indicator. While temperature and gas remain detectable
during this phase, they provide less direct information about the direction and rate of fire
front movement compared to wind speed and flame morphology, which are essential for
tactical firefighting decisions.

3. Fully developed stage: Environmental extremes necessitate robust and stable
data. Temperature, which demonstrated the highest score in Monitorability, is prioritized
for tracking fire intensity under stable conditions. Flame and gas monitoring may be
compromised by dense smoke and extreme heat during this stage, whereas temperature
sensing (e.g., thermal imaging) can penetrate smoke and provide reliable intensity mapping.

3.3. Weight Calculation and Evaluation Results for Matching Monitoring Equipment

Following the “indicator-equipment pairing” logical framework established in
Section 2, a dedicated evaluation was conducted for the hardware equipment matching the
four core indicators. As previously justified, the equipment evaluation model specifically
adopted three primary dimensions: Monitorability, Feasibility, and Timeliness. By re-
normalizing the previously established weight vectors to exclude the Sensitivity dimension,
the global weights for the equipment evaluation model were derived and are presented in
Table 4.

Table 4. Emergency monitoring equipment evaluation model.

First-Level
Assessment Factor Weight Value Secondary Assessment Factor Local Weight Global Weight

Monitorability 0.4685
Accuracy 0.6135 0.2874
Stability 0.3865 0.1811

Feasibility 0.1189
Equipment deployment agility 0.8000 0.0951

Scope of the monitoring function 0.2000 0.0238

Timeliness 0.4126
Lagging response of indicators 0.8000 0.3301

Effective duration of monitoring indicators 0.2000 0.0825

To evaluate the practical applicability of the equipment, a follow-up survey was
deployed to the identical panel of experts during the second stage of data collection. The
curated list of matching equipment and the specific scoring questionnaire utilized for this
stage are detailed in Appendix C. Based on the calculated equipment evaluation weights
and the experts’ aggregated scores, the final suitability scores for various monitoring
devices were computed and are displayed in Figure 6.

The results indicate a strong technological consensus regarding operational effective-
ness in complex fire scenes. For instance, among the equipment matching the temperature
indicator, UAV-mounted thermal imagers received the highest score (7.15). This quantita-
tively reflects their superior data acquisition accuracy and agile deployment capabilities in
highly dynamic environments. Similarly, lidar anemometers scored highest (7.11) for wind
speed monitoring. These quantitative evaluation results successfully translate the theoreti-
cal monitoring indicators into tangible, optimal equipment configurations, providing direct
hardware selection guidance for frontline emergency response.
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Figure 6. Evaluation results of forest fire emergency monitoring equipment. (a) Evaluation of
equipment for wind speed monitoring; (b) evaluation of equipment for temperature monitoring;
(c) evaluation of equipment for smoke monitoring; (d) evaluation of equipment for flame monitoring.

4. Discussion
4.1. Statistical Validation and Discriminative Power of the Model

This study employs the individual correction coefficient β to mitigate subjective biases
during the expert scoring process, setting the basic consensus coefficient at γ = 0.7 and the
individual adjustment intensity at λ = 0.3. To ensure the scientific validity of these key
parameter settings, a comprehensive sensitivity analysis was conducted on γ. This analysis
was performed under the strict constraint of γ + λ = 1, with γ systematically varied in
increments of 0.1 within the operational range of 0.5 to 1.0. The objective was to investigate
how fluctuations in these threshold parameters influence the final global weights of the
primary evaluation dimensions and the ultimate ranking of the monitoring indicators.

The analytical outcomes presented in Table 5 reveal that as γ shifts from 0.5 to 1.0,
minor mathematical fluctuations occur in the absolute values of the dimensional weights.
However, the hierarchical ranking of the primary dimensions (Monitorability, Timeliness,
Sensitivity, Feasibility) remains absolutely stable. Notably, the calculation of standard
deviations for the weight vectors across all levels under different γ values reveals that when
γ = 0.7 (corresponding to λ = 0.3), the volatility of the weight results is minimized, indicating
optimal model stability. This quantitative evidence proves that assigning a baseline weight
of 0.7 to preserve group consensus, while reserving 0.3 to accommodate valuable individual
heuristic traits, optimally balances decision-making conformity and innovation.

Table 5. Results of model parameter sensitivity analysis.

γ Monitorability Weight Feasibility Weight Timeliness Weight Sensitivity Weight Variance (×10−5)

1.0 0.392 0.097 0.328 0.183 16.83
0.9 0.388 0.097 0.330 0.185 14.75
0.8 0.384 0.097 0.333 0.186 13.02
0.7 0.381 0.097 0.335 0.187 11.35
0.6 0.377 0.097 0.338 0.188 12.51
0.5 0.373 0.096 0.341 0.190 15.23
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Furthermore, when γ = 1.0 and λ = 0.0, the model reverts to the traditional Triangular
Fuzzy Analytic Hierarchy Process, stripping away the DBN’s feature extraction and person-
alized correction. The weight distribution generated under these conditions is designated as
“before correction,” representing the raw expert consensus. By comparing this benchmark
against the distribution “after correction” (γ = 0.7), a significant reduction in subjective
dispersion was observed.

As delineated in Table 6, the implementation of the DBN-derived β correction suc-
cessfully reduced the statistical dispersion of weights across all indicators by an average
of approximately 30%. This firmly quantifies the efficacy of the proposed mechanism in
filtering out subjective expert biases and establishing a highly objective group consensus.

Table 6. Comparison of expert weight distribution dispersion before and after β correction.

Before Correction (γ = 1.0) After Correction (γ = 0.7) Degree of Dispersion Reduction

Standard
Deviation (SD0)

Coefficient of
Variation (CV0)

Standard
Deviation (SD1)

Coefficient of
Variation (CV1)

Reduction in
Standard
Deviation

Reduction in
Coefficient of

Variation

Monitorability (A1) 0.043 10.97% 0.030 7.67% 30.2% 30.1%

Feasibility (A2) 0.040 12.20% 0.028 8.54% 30.0% 30.0%

Timeliness (A3) 0.027 14.75% 0.019 10.16% 29.6% 31.1%

Sensitivity (A4) 0.017 17.53% 0.012 12.37% 29.4% 29.4%

Building upon these mathematically stable weights, the comprehensive applicability
scores (S) for each monitoring indicator were computed. To assess the statistical significance
of the observed scoring differences, a non-parametric Kruskal–Wallis H test was executed
on the underlying expert-derived data, followed by post hoc Dunn’s tests for rigorous
pairwise comparisons. This approach is highly appropriate for the ordinal nature of expert
scoring data when evaluating multiple independent candidates. The Kruskal–Wallis test
revealed a statistically significant divergence in the overall applicability scores among
the evaluated indicators (H = 87.4, p < 0.001). The post hoc analysis confirmed that the
median scores of the top four core indicators (wind speed, temperature, flame, and gas)
were significantly higher than those of the remaining candidates (adjusted p < 0.01 for
all significant pairwise comparisons). No significant difference was detected between the
specific scores of wind speed and flame (adjusted p > 0.05), indicating their comparable
necessity in acute emergency contexts. This rigorous statistical sequence provides an
irrefutable justification for selecting these specific variables as the core monitoring targets.

Finally, to verify the structural validity of the underlying evaluation model, the inter-
correlations among the four primary dimensions were analyzed (presented in Table 7).
Moderate positive correlations were identified between Monitorability and Timeliness
(r = 0.57) and between Feasibility and Sensitivity (r = 0.52). The variance inflation factors
(VIF) for all dimensions were extremely low (ranging from 1.7 to 2.4), which is fundamen-
tally below the common threshold of 5. This confirms the complete absence of harmful
multicollinearity, guaranteeing that each dimension contributes unique and independent
evaluative information.

Table 7. Correlation matrix among the four primary evaluation dimensions.

Dimension Monitorability Feasibility Timeliness Sensitivity

Monitorability 1
Feasibility 0.28 1
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Table 7. Cont.

Dimension Monitorability Feasibility Timeliness Sensitivity

Timeliness 0.57 0.19 1
Sensitivity 0.39 0.52 0.43 1

Note: Values are Spearman’s rank correlation coefficients. All variance inflation factors (VIFs) were <2.5, indicating
no significant multicollinearity.

4.2. Case Studies and Empirical Support for the Monitoring Strategies

While the proposed evaluation framework and multi-stage monitoring strategies
are theoretically derived, their practical rationality and operational accuracy are strongly
corroborated by recent large-scale real-world wildfire responses. A prominent example is
the operational technology deployed during the catastrophic Australian bushfires from 2019
to 2020 [75]. During the initial ignition and early warning phases, response agencies heavily
relied on satellite telemetry and dispersed sensor networks to capture nascent thermal
anomalies and smoke plumes. As the crisis escalated into the rapid spread stage, Unmanned
Aerial Vehicles (UAVs) equipped with lidar anemometers were dispatched to map real-
time wind fields, successfully predicting the fireline trajectory. Subsequently, during the
fully developed stage characterized by extreme heat and dense smoke, UAV-mounted
thermal imagers were deployed to penetrate the visual obstructions and precisely map
the core burning zones. Similarly, based on a phased management philosophy, emergency
management departments in China have successfully constructed short-term fire risk
prediction systems utilizing dynamic MODIS meteorological data [76].

Furthermore, numerous single-stage empirical studies have provided strong support
for the evaluation results of this research. For instance, Yao, Yang, Zhang and Liu [19] uti-
lized satellite imagery to monitor temperature and abnormal fire spot indicators during the
early stage of fires, which effectively triggered rapid early warnings. Conversely, Valencia,
Melnik, Kelly, Jerram, Wallace, Aguilar-Arguello, Katurji, Pearce, Gross and Strand [20] uti-
lized UAV technology to dynamically track fireline intensity and wind evolution during the
fire spread stage, significantly assisting in fire containment. These real-world operational
deployments perfectly mirror the core indicators (flame, wind speed, temperature) and the
top-ranked equipment (UAV thermal imagers, lidar anemometers) quantitatively identified
by our evaluation model. This demonstrates that the staged monitoring theory proposed
in this study is practically feasible and highly reasonable. Moreover, this study lays a solid
theoretical foundation for “how to scientifically select these indicators and equipment,”
effectively complementing previous research paradigms that relied heavily on empirical
habits. Simultaneously, the practical achievements of previous studies conversely validate
the scientific accuracy and applicability of our evaluation model.

4.3. Methodological Contributions, Limitations, and Future Integrations

The primary methodological contribution of this research lies in providing a rigorous
theoretical foundation for indicator selection. Historically, previous studies and emergency
protocols have directly adopted conventional indicators based on empirical habits, lacking
a systematic justification for “why these specific indicators must be chosen.” By decon-
structing the physical performance boundaries of both indicators and hardware, this study
replaces subjective experience with a quantifiable, multi-dimensional decision-making
paradigm, significantly enhancing the scientific rigor of emergency resource allocation.

Despite establishing a relatively comprehensive evaluation system, this framework
exhibits certain inherent limitations. First, regarding the evaluation subjects, the pool
of candidate monitoring indicators and equipment collected and analyzed may not be
entirely exhaustive and might not fully encompass all emerging niche technologies. Second,

https://doi.org/10.3390/fire9050178

https://doi.org/10.3390/fire9050178


Fire 2026, 9, 178 18 of 25

regarding the evaluation dimensions, the factors considered by the model may not be
comprehensive enough. For example, during the equipment applicability evaluation pro-
cess, the model did not incorporate economic factors such as financial cost or procurement
logistics. The original intention behind this design was based on the study’s core premise:
in extreme emergency scenarios, there is an exceptionally high operational interdepen-
dency between monitoring indicators and equipment. This dictates that during severe
crisis management, life-saving operational performance (such as accuracy, stability, and de-
ployment agility) must take absolute precedence over economic considerations. Therefore,
the evaluation factors were strictly restricted to the performance domain. Nevertheless, we
acknowledge that the omission of economic and cost constraints limits the model’s utility
in guiding holistic administrative procurement planning.

To address these limitations and further deepen the practical value of this research,
future studies can be expanded along two primary trajectories. Horizontally, future research
can apply this evaluation framework to more detailed forest fire classifications (such as
downhill fires or crown fires) or specifically consider the impact of different vegetation
types (such as coniferous forests, broadleaf forests, or shrublands) on fire behavior [77].
This will enable a more refined and scenario-specific evaluation and recommendation of
applicable indicators and equipment. Vertically, future studies should focus on deepening
the model’s operational integration. By positioning this model as a preliminary decision-
support engine for fire emergency response and integrating it with advanced Artificial
Intelligence (AI) and Internet of Things (IoT) technologies, subsequent systems can radically
optimize the automated recognition of initial forest fire signals, thereby securing critical time
windows for subsequent precise disposal. Moreover, the underlying theoretical foundation
regarding emergency monitoring requirements established in this study is, to a certain
extent, applicable to other types of disasters. Consequently, by appropriately substituting
the candidate indicator pool and the corresponding evaluation dimensions, this integrated
TriFAHP and DBN evaluation paradigm is expected to be successfully transferred to other
disaster emergency environments, such as geological hazard emergency monitoring.

5. Conclusions
This study addressed the critical gap in systematic decision-support tools for the sci-

entific selection of monitoring indicators, the coordinated configuration of multi-indicator
schemes, and the rational optimization of monitoring equipment in forest fire emergency
response. By integrating the spatiotemporal evolution characteristics of forest fires with
emergency monitoring requirements, and employing a hybrid weighting method combin-
ing the Triangular Fuzzy Analytic Hierarchy Process (TriFAHP) and Deep Belief Network
(DBN), the research establishes a standardized evaluation framework. The main conclu-
sions are as follows:

(1) A robust evaluation model for forest fire emergency monitoring indicators was
established. The model, structured with four primary and eight secondary factors, utilized
the TriFAHP-DBN combined method to objectively determine factor weights. The reliability
of the weight system was confirmed through a high expert consensus (CR = 0.0329),
bootstrap confidence interval testing, and sensitivity analysis. These validations collectively
demonstrated that the core conclusions remain highly stable under weight perturbations.

(2) Wind speed, temperature, flame, and combustion product gas were evaluated as
highly applicable indicators for forest and grassland fires. Furthermore, by integrating
these quantitative evaluation results with the spatiotemporal evolution rules of fires, a
differentiated monitoring strategy was formulated to prioritize specific indicators across
the ignition, spread, and fully developed stages.
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(3) Extending the indicator evaluation logic, a structured equipment assessment
model was constructed. Based on this extended framework, devices such as UAV-
mounted thermal imagers and lidar anemometers were evaluated as the most applicable
monitoring equipment.
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TriFAHP Triangular Fuzzy Analytic Hierarchy Process
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CD-k Contrastive Divergence-k
CI Confidence Interval
CR Consistency Ratio
VIF Variance Inflation Factor
UAV Unmanned Aerial Vehicle
LoRa Long Range

Appendix A. Evaluation Factor Comparison Questionnaire Based
on TriFAHP

Dear Expert, thank you for participating in this survey. Before proceeding to the
core evaluation, please kindly provide your basic professional background information in
Table A1. This information is strictly confidential and will exclusively be utilized by the
algorithm to calculate personalized correction coefficients, thereby ensuring the maximum
mathematical objectivity of the final evaluation weights.

Table A1. Basic expert information.

Number of projects involved:
Years of experience:
Field of expertise:

Following the background information, this section is used to establish the relative
importance of evaluation factors via expert pairwise comparison. Using your professional
expertise, please assess the importance of the left-side factor (A) against the top-side
factor (B), entering three values (l, m, u) in the corresponding cell to represent a triangular
fuzzy number.

Please utilize the standard 1–9 scale to compare factors within the same hierarchy and
determine their relative importance.
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Table A2. Meaning of importance scale (based on the 1–9 scale method).

Scale Meaning (Comparison of A and B)

1 A is equally important as B.
3 A is slightly more important than B.
5 A is obviously (or strongly) more important than B.
7 A is strongly (or very strongly) more important than B.
9 A is extremely more important than B.

2, 4, 6, 8 Intermediate values between the adjacent judgments above.
Reciprocal If B is more important than A, please take the reciprocal of the above scales (e.g., 1/3, 1/5, etc.).

Example of how to fill in the form: If you believe the importance of “Accuracy” (A)
compared to “Monitoring Frequency” (B) lies between “Slightly Important” and “Obviously
Important,” and is most likely “Slightly Important,” you should fill in (2, 3, 4).

Table A3. Pairwise comparison matrix of primary evaluation factors.

A/B Monitorability Feasibility Timeliness Sensitivity

Monitorability (1, 1, 1)

Feasibility (1, 1, 1)

Timeliness (1, 1, 1)

Sensitivity (1, 1, 1)
Note: Cells along the diagonal are set to 1. Since the matrix is reciprocal (Aij = 1/Aji), you only need to complete
either the upper or lower triangular section. The system will generate the other section automatically.

Table A4. Pairwise comparison matrix of secondary factors under Monitorability.

A/B Accuracy Stability

Accuracy (1, 1, 1)

Stability (1, 1, 1)

Table A5. Pairwise comparison matrix of secondary factors under Feasibility.

A/B Equipment Deployment Scope of the Monitoring Function

Equipment deployment (1, 1, 1)

Scope of the monitoring function (1, 1, 1)

Table A6. Pairwise comparison matrix of secondary factors under Timeliness.

A/B Lagging Response of Indicators Effective Duration of
Monitoring Indicators

Lagging response of indicators (1, 1, 1)

Effective duration of monitoring indicators (1, 1, 1)

Table A7. Pairwise comparison matrix of secondary factors under sensitivity.

A/B Sensitivity to Sudden Disasters Sustainability of Indicator Trends

Sensitivity to sudden disasters (1, 1, 1)

Sustainability of indicator trends (1, 1, 1)
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Appendix B. Expert Scoring Form for Forest and Grassland Fire
Emergency Monitoring Indicators

This appendix is used for experts to directly score the performance of specific mon-
itoring indicators across various secondary evaluation factors. Experts are required to
assign an integer score ranging from 1 to 10 based on the applicability of the indicator in
emergency monitoring scenarios, according to the following criteria. Table A9 presents the
scoring form for forest fire emergency monitoring indicators along with the scoring results
from one expert.

Table A8. Meaning of the importance scale.

Scale Meaning

8 to 10 points (Very important) The indicator performs excellently in this aspect and represents a core advantage
for emergency monitoring.

5 to 7 points (Important) The indicator performs well in this aspect and possesses good applicability.
2 to 4 points (Average) The indicator performs averagely in this aspect or has obvious limitations.

Table A9. Scoring sheet for forest fire emergency monitoring indicators.

Emergency
Monitoring Indicators

Monitorability Feasibility Timeliness Sensitivity

Accuracy Stability Equipment
Deployment

Scope of the
Monitoring

Function

Lagging
Response of
Indicators

Effective
Duration of
Monitoring
Indicators

Sensitivity
to Sudden
Disasters

Sustainability
of Indicator

Trends

Smoke 7 6 5 4 5 4 5 4

Flame 8 7 5 4 5 4 6 5

Temperature 9 8 6 5 6 5 8 7

Combustion product
gases 6 5 4 3 4 3 3 2

Air temperature 7 6 5 4 5 4 5 4

Humidity 7 6 5 4 5 4 5 4

Precipitation 8 7 5 4 5 4 8 7

Wind speed 5 4 4 3 3 2 3 2

Appendix C. Expert Scoring Form for the Applicability of Emergency
Monitoring Equipment

This appendix is used to evaluate the applicability of common forest fire monitoring
equipment in emergency scenarios. Based on the typical technical characteristics of various
types of equipment and practical emergency experience, experts are requested to assign
an integer score ranging from 1 to 10 for their performance across each evaluation factor,
according to the following criteria. Table A10 presents the scoring results from one expert
regarding the applicability of emergency monitoring equipment.

Scoring criteria:
Eight to ten points (Excellent performance): The equipment possesses a prominent ad-

vantage in this aspect and fully meets the stringent requirements of emergency monitoring.
Five to seven points (Good performance): The equipment performs reliably in this

aspect and is capable of successfully handling emergency monitoring tasks.
Two to four points (Average or limited performance): The equipment has obvi-

ous shortcomings or limitations in this aspect, requiring careful consideration before
emergency application.

1 point (Poor performance): The characteristics of the equipment in this aspect are
unsuitable for emergency monitoring scenarios.
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Table A10. Expert scoring sheet for the applicability of emergency monitoring equipment.

Monitoring Equipment Accuracy Stability Equipment
Deployment

Scope of the
Monitoring

Function

Lagging
Response of
Indicators

Effective
Duration of
Monitoring
Indicators

Lidar anemometer 9 9 10 8 9 10

Ultrasonic anemometer 8 7 10 7 9 8

Portable weather station 9 9 5 8 7 9

Wind profiler radar 9 7 6 6 5 6

Meteorological radar 9 7 6 6 5 6

UAV-mounted thermal imager 6 6 5 4 6 5

Fiber optic temperature sensor 5 5 5 5 5 5

Infrared thermal imager 5 5 5 5 5 5

Wireless temperature sensor 8 4 3 4 3 4

Infrared thermometer 4 4 5 4 3 4

Portable CO sensor 6 4 4 4 3 4

Multi-gas analyzer 4 4 4 3 5 4

Mobile air quality monitoring station 3 3 3 3 3 3

Portable gas detector 2 3 1 2 2 1

Wireless smoke sensor 9 9 10 8 9 10

Watchtower dual-spectrum camera 7 7 7 7 7 7

Lidar (light detection and ranging) 8 6 6 5 6 5

Intelligent video monitoring system 5 5 5 5 5 5

Wireless sensor network (WSN) 8 8 8 8 8 8

Remote sensing satellite 8 7 9 7 9 8
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