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Forest and Land Fires in Indonesia represent a chronic disaster
multidimensional impacts, marked by economic losses reaching Rp.
trillion in 2022 and severe data fragmentation. Conventional repo
systems, dominated by manual mechanisms (86féqte a temporal crisis
causing response delays of 24 to 48 hours. This research aims to desi
develop an integrated mobile application prototype that comh
predictive Artificial Intelligence (Al) with community participatio
(crowdsourcing) t@ddress this gap. The methodology used is Researcl
Development (R&D), beginning with an-gtepth needs analysis of 1t
respondents in Riau. A thré¢ier system architecture is implemente
consisting of a Mobile Layer (Flutter), a Firebdsesed Backeh as a
Service (BaaS), and a Machine Learning Engine (TensorFlow) wi

Predictive Analysis
Disaster Management

Random Forest (RF) model optimized for peatland characteristics. |
results show an RF model accuracy>f 80% on internal validation dat
and 90% user approval for the minieaUI/UX design. This prototype is
explicitly engineered to achieve a system response time of < 1 minute
prediction accuracy of= 85%, making it an innovative solution th.
enhances response speed, operational resilience, and disaster mit
effectiveness irForest and Land Firgsrone areas like Riau Province
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1. Introduction

Forest and Land Fires in Indonesia have long been an annual problem that transcends ecological
and economic boundari¢s]. The impacts oforest and Land Firegre both national and global, including
an increase in ARI (Acute Respiratory Infection) cases among 1librmresidents and contributing
approximately 25% of Indonesia's total Greenhouse Gas (GHG) emissions, which exacerbates the global
climate crisiq2].

Riau Province, as a region with an extensive peatland ecosystem, serves as a crucial case study due
to the extreme volatility oForest and Land Firgacidents. An analysis of data from the last 5 yea@2(Q
2025) shows significant fluctuation, with a decrease in the burned area during the@R@eriod,
followed by an extraordinary spike in 2024, reaching approximately 11,000 he@ar€his figure, despite
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a decrease in early 2025 (7,267 ha up to July), remains extremely high, highlighting the chronic nature of this

disastef3].

This dramatic flutuation confirms that existing mitigation strategies tend to be reactive and
vulnerable to climatic variability, such as Elrdi as well as the unstable hydrological conditions of
peatlands. To achieve sustainable mitigation, technological solutions expistitly target the specific
characteristics of peatlands, especially by considering Peat Water Table Depth (PWTB). data

The need for such a dynamic and resilient solution triggers the necessity for the integration of
advanced technologies like Al into Indonesia's disaster management system [17].

ConventionalForest and Land Firagporting and monitoring systes, including satellite platforms
such as SPARTAN (LAPAN) and InaRISK (BNPB), possess serious functional limitations. Firstly, detection
delays occur because satellite data experience a processing lag of between 3 to 12 hours from the moment a
hotspot is dtected until the information is available to the relevant agefitjis. This delay allows the
burned area to expand significantigfore extinguishing efforts can be initiated.

Secondly, conventional systems are highly dependent on manual reporting methods. A survey
conducted in this study confirmed that up to 85% of public reports are still submitted via telephone or in
person[6]. This dependency creates a "temporal crisis," where the perceived response waiting time by the
community can reach 24 to 48 hours. This long time lag significantly hinders the effectiveness of the rapid
response requireaf Forest and Land Firesippression.

Thirdly, significant data fragmentation occurs. Hotspot data, field reports, and mitigation
information are scattered across various government agencies (BNPB, KLHK, LAPAN) without a unified
collaborative platform supported by public API interoperabilitptpcols [3]. This condition leads to a
duplication of efforts and impedes the vital Pentahelix coordination in disaster response. Furthermore, the
lack of Al-based predictive analytics integration in the current systems makes the response tend tiwédoe reac
rather than proactiviy].

This research aims to bridge the technical and operational gaps outlined above through the
development of a fully integrated mobile application prototype. The main contributions of this reseach are
follows:

a) Integration of Predictive Al and Instant Crowdsourcing:This research operationalizes a Random Forest
(RF) model optimized with Riau's specific peatland data into an integrated g¥$f8mThis integration
is combined with a onelick community reporting feature, which leverages smartphone GPS and camera
sensors, allowing for earlier detection and more accuratedacaiapping compared to passive satellite
systemg6][8].

b) Achieving Resilient and Scalable Architecture: The solution utilizes a Firdlzessel Backendsaa
Service (BaaS) architecture to ensure scalability and data access[8[{@8H This is crucial for
supporting the offlingeady features that are critical given the network stability challenges in Riau's
remote areas, ensuring that reporting datastilibe locally cached and synchronized Iqtet].

c) Meeting Critical Operational Performance: This prototype is quantitatively targeted to achieve an Al
prediction accuracy of= 85% [3][12] and, most importantly, reduce the system response time from
report to relevant agency notification to less than 1 mifil{é3].

Global and national forest fire early detection systems are dominated by Remote SRBRSing
technology. Platforms such as NASA FIRMS and SPARTAN utilize medasguolution satellite data
(MODIS and VIIRS) to detect temperature anomalies (hots6}B)]. The fundamental weakness of this
approach lies in its limited spatial and temporal resolution. This limitation causes a detection lag of between
3 to 12 hour$1], which, in the case of peatland fires in Riau, can mean the fire expands from a small ignition
point into a large and difficulio-control area. Therefore, there is a need for grewath reporting and risk
prediction mechanisms that can operate intiez to supplement satellite d4tat].

The use of Machine Learning (ML) has proven effective in predicting forest fire risk by classifying
the vulnerability of a region based on various environmental paranig&f$6]. The Random Forest (RF)
model is often chosen for its ability to handle the complexity of environmental data and yield high
classification accuracy, even exceeding 90% in some case sfatfitg]. In the context of Indonesian
peatlands, research indicates that specific feature engineering is Efludkady predictor variables identified
include the Normalized Difference Vegetation Index (NDVI), Land Surface Temperature (LSV@)l a&s
hydrological factors such as the Peat Water Table Depth (PWITR8]. The advantage of the RF model in
this study is its emphasis on integrating PWTD and local weather data for optim[2&{i@0]. This enables
the system to move beyond reactive hotspot detection (which is the primary function of satellites) towards
proactive land vulnerability prediction, allowirfgr preventive mitigation actions such as peat rewetting
before fire ignition.
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The concept of Mobile Crowdsensing (MCS) leverages sensors embedded in smartphone devices to
collect field data massively and in rdahe [21][22]. In disaster management, this approach erdsmnc
situational awareness and allows the community to become accurate data f{a8ksThe oneclick
reporting Bature, which is equipped with GPS location data and photo uploads, is a mechanism proven to
reduce the time required for users to submit emergency rgphris crucial aspect for successful adoption,
particularly in rural areas with diverse digital literacy, is usabjigj[16]. Research shows that a minimalist
User Interface/Ser Experience (UI/UX) design is essential for overcoming cognitive barriers and ensuring
inclusivity [12][24]. Furthermore, the socitechnical challenges of imginenting crowdsourcing, such as
issues of trust and coordination during a crisis, must be addri&ed\n effective strategy is to combine
the technological reporting system with validation and socialization based on local figures, thereby increasing
the targeted adoption rate (i.e., >= 7q4]8].

An effective disaster information system requires a fast, scalable, and resilierib-emd
architecture[21][26]. The thredier architecturd Mobile Layer, Backend as a Service (BaaS) Layer, and
Machine Learning Engine Lay@rs the optimal framework for this purpog@7]. The use of BaaS,
particularly Firebase, is crucial in achieving the target system response time of < 1 minute due to the
scalability and reattime functionality it offers [28]. Furthermore, the BaaS Layer enables the
implementation of locadlata caching mechanisifid[29]. This resilience is critical at the trial location in the
remote areas of Riau, which often face 4G/5Gvnek stability issue§l0]. The application's ability to record
GPS data and photos offline through a data queue meaeohamd conflict resolution during synchronization
ensures that telecommunication infrastructure challenges do not impede the rapid reportingi8pcess

2. Research Method

2.1 Research and Development (R&D) Methodology Framework

This research adopts a structured Research and Development (R&D) methodology, designed to
achieve Technology Readiness Lev@R() 2, which is thevalidation of the prototype in a relevant
operational environmentl0]. The research is conducted through the stageMeefds Analysis, System
Design, Prototype Development, Limited Trial, and Evaluatidi[9].

Needs Analysis
Manth 1

Key Activities: + Expected Outcomes:

System Design

Y

Prototype Development

Limited Trial
Month 6

+ .
L Evaluation J

Figure 1. Research Flow Diagram

The Research Flow Diagram (Figure 1) meticulously illustrates the structured Research and
Development (R&D) methodogy employed in this study, which is framed across five distinct stages: Needs
Analysis, System Design, Prototype Development, Limited Trial, and culminating in an Evaluation phase.
This rigorous, sequential framework is designed to ensure the systawlitvement of key performance
indicators (KPIs) and the validation of the prototype toward Technology Readiness T&iglZ in a
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relevant operational environment. The diagram explicitty maps the chronological progression of key
activities, such as theusrey of 150 respondents and ML model optimization, to their respective expected
outcomes, including the delivery of a fidielsted system and the achievement of TRL 2 validation.

2.2 Stage 1: Needs Analysis and Field Survey (Month 1)

The needs analysis stage aims to validate user requirements and quantitatively measure the gaps in
the existingForest and Land Fireseporting systen{10]. An online survey was conducted with 150
respondents ifrorest and Land Firegrone areas in Riau, achieving a high participation rate of more than
80% [5]. This survey covered demographic aspeéisrest and Land Firegxpeience, and mobile
application feature preferences9-depth interviews were also conducted with representatives of BNPB and
LAPAN to map the Pentahelix collaboration framework and identify the standard operating procedures
(SOPs) for notification that & new system must accommodfi€’][9]. Key findings from the survey
confirmed the existence of a temporal crisis due to manual reporting reaching 85% and a responsé lag of 24
48 hours[19][13], as well as an urgent need for key features such asClicle Reporting and Offline
Accessibility[14][15].

2.3 Stage 2: Integrated System Architecture Design (Mor8)s 2

The system design was finalized withiategrated thre¢ier endto-end architecturgl8]:

a. Mobile Layer. Built using Flutter to support crgsstform compatibility (iOS and Android)
[16][30]. This layer interactglirectly with users, displaying main features such as-Click
Reporting and GIS integration for fire point mapplad][2]. The UI/UX design in this layer is
made minimalist, which is important for overcomitite digital literacy challenges of users in
the field[1].

b. BaaS Layer (Backend as a Service). Uses Firebase to ensure scalability and data processing
speed[29]. Its key functions include data synchronization from user reports (GPS and photos),
reattime notifications to agencies, and the implementation of the offline readyre[4][26].

This local data caching mechanism functions to ensure reports are not lost even if the network
connection is interrupted, a common condition in remote villages in[Bjau

c. Machine Learning Engine Layer. This layer uses TensorFlow as the framework to train the
Random Forest (RF) modg][5][23]. This model is responsible for predictive fire risk analysis,
with a target accuracy of= 85%[11].

Table 1. Integrated System Architecture Matrix

System  Key Technology Main Functionality Forest and Land Firdditigation
Layer Relevance
Mobile Flutter, GIS, OneClick Reporting, GPS Enhances community participatiol
Layer GPS Location Mapping, Minimalist (crowdsourcing) and accuracy of
UI/UX Design. reporting coordinatef3].
BaaS Firebase (BaaS) Data Synchronization, Redime Ensures scalability, response
Layer Notifications, Offline Caching. speed, and resilience in areas wit
minimal signal[3].
ML TensorFlow, Predictive risk analysis of fire Transition from reactive to
Engine Random Forest points £=85%), Peatland data proactive response (early warning
Layer optimization (PWTD). [3].

The Integrated System Architecture Matrix (Table 1) provides a detailed, functional breakdown of
the threetiered system architecture designed for Hoeest and Land Firegporting prototype: the Mobile
Layer, the BaaS Layer (Firebase), and the ML Engiager. This matrix systematically outlines the Key
Technology leveraged within each layer, from Flutter and GIS in the Mobile Layer to TensorFlow and
Random Forest in the ML Engine Layg]. Furthermore, it delineates the Main Functionality of each
componerd such as onelick reporting and predictive risk analy@isind clearly articudtes itsForest and
Land FiresMitigation Relevance, which spans from enhancing community crowdsourcing and ensuring
operational resilience to facilitating a critical transition from reactive hotspot detection to proactive, early
warning fire prevention.

The proposed prototype utilizes an Integrated THiiee System Architecture (Figure 2), which is
foundati onal t o a c-perfemance and tediliencesaygets. &his drameviiork gtiategically
connects the Mobile Layer (Flutter), which enabitesant crowdsourcing and a minimalist user experience;
the Backend as a Service (BaaS) Layer (Firebase), which ensures scalabiitynereadtification speed, and
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critical offline caching capabilities; and the Machine Learning Engine Layer (TenséRdadom Forest),

which facilitates proactive, conteatvare fire risk predictiof24]. This comprehensive integration is
engineered to fundamentally reduce the response time to below one minute, thereby transforming reactive
disaster management into a proactive and highly efficient operational flow.

Figure 2. Prototype System Architecture (Mobile Layer, Backend Firebase, ML Engine)

The Prototype System Architecture (Figure 2) meticulously delineates the integratedietiede
framework that is fundamental to the system's resilience and opera@aal. This architecture sequentially
links the Mobile Layer (built with Flutter, GIS, and GPS to enable eptatform, crowdsourced input and
minimalist UI/UX), the Backend as a Service (BaaS) Layer (utilizing Firebase for critical functions such as
reattime notifications, data synchronization, and ensuring offlesely data caching), and the Machine
Learning Engine Layer (integrating TensorFlow and the Random Forest model for proactive, Peatland
optimized predictive risk analysi$)][20]. This holistic, eneto-end design is engineered to meet stringent
performance targetspecifically achieving a system response time of less than one minute and a predictive
accuracy exceeding 85%, thereby facilitating a fundamental shift towards proactive disaster management.

2.3 Atrtificial Intelligence Modeling and Feature Engineering

The Random Forest (RF) algorithm was chosen due to its robust performance in fire risk
classification[3][28]. The initial model training was carried out on the TensorFlow framework using
historical RiauForest and Land Firedataset (2022025) and initial meteorological data (air temperature,
humidity, vegetation covefB]. The primary focus in featurengineering was optimization for the peatland
context[3][10][16]. Although detailed data regarding the Peat Water Table Depth (PWTD) index is difficult
to access, intensive data greocessing efforts were made to ensure this peatland paramseténcluded, as
PWTD is a determining hydrological factor in peat fire vulnerabjlit}][29]. The initial RF modktraining
yielded an accuracy on the internal validation data>ef 80% successfully meeting the key performance
indicator (KPI) of the design phaf#.

2.4 Ul/UX Design and User Validation

The application interface design (mockup using Figma) waloily designed with a very simple
(minimalist) appearance, showing only essential buttons, to minimize cognitivg3¢2d]. This inclusive
design approach is crucial for increasing potential user adoption (targii%) in areas with diverse levels
of digital literacy [3][9]. The mockup validation test involved test users and achieved 90% approval
confirming that the proposed interface is intuitive and suitable for field rj&éfis The core functionality of
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