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Abstract— Natural disasters such as floods, earthquakes,
cyclones, and wildfires cause massive damage to life and
infrastructure. Traditional disaster response systems depend on
manual reporting and delayed field updates, resulting in poor
situational awareness and inefficient resource allocation. This
paper proposes CrisisSenseAPI, a scalable API-driven smart
disaster response system with a real-time web dashboard that
automatically collects and analyzes geo-tagged crisis data
from social media platforms. The system employs BERT-
based natural language processing (CrisisNet) to identify
disaster types, urgency levels, and resource requirements.
Spatial clustering via DBSCAN detects disaster hotspots
without requiring predefined boundaries, and a Graph Neural
Network (DemandNet) predicts location-wise priority resource
demands. The platform exposes results as a secure RESTful
API and transmits automated alerts to government authorities,
NGOs, and rescue teams. Experimental evaluation
demonstrates a classification Fl-score of 91.4%, hotspot
detection accuracy of 94.7%, and a demand prediction
correlation of r = 0.91, with an end-to-end API response time
of 3.2 seconds. The results confirm the practical viability of
CrisisSenseAPI  for large-scale, data-driven disaster
management.

Keywords— Disaster management; social media analytics;
BERT; DBSCAN; Graph Neural Network; crisis detection;
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I. INTRODUCTION

Natural disasters are catastrophic events caused by
geological, meteorological, hydrological, and biological
Earth processes that inflict significant damage on human life,
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property, and ecosystems. Disasters such as floods,
earthquakes, cyclones, and wildfires kill an estimated 40,000—
50,000 people annually, with over 95% of fatalities occurring
in low- and middle-income countries [1]. The rapid escalation
of such events, combined with communication failures and the
generation of massive volumes of unstructured digital
information, creates critical challenges for timely emergency
response.

Traditional disaster management relies on manual field
surveys, emergency call centers, and media-based situation
assessment. These approaches are inherently slow: field
reports may take hours to consolidate, call centers become
overwhelmed during large-scale events, and media broadcasts
offer only coarse-grained situational information without
location-specific resource-demand data. As a result,
emergency response teams face delays in identifying critical
situations, and relief materials are often distributed based on
rough estimates rather than actual real-time demand—Ieading
to shortages in severely affected areas and surplus in less
critical zones.

In recent years, social media platforms have emerged as a
rich, real-time source of crisis information. Citizens frequently
share geo-tagged messages describing disaster conditions,
requests for help, and updates on local situations. However,
the sheer volume of unstructured posts makes manual analysis
infeasible: important information is buried in noise, irrelevant
content, and rapid data streams.

To address these limitations, this paper proposes
CrisisSenseAPI, an end-to-end intelligent disaster response
platform that transforms raw social media data into actionable
insights through a three-stage Al pipeline: (i) BERT-based
crisis tweet classification (CrisisNet), (ii) DBSCAN-based
spatial hotspot detection, and (iii) Graph Neural Network-
based resource demand prediction (DemandNet). All results
are exposed via a secure RESTful API and visualized on a live
web dashboard. The key contributions of this paper are:

* A unified API-driven disaster response platform
integrating NLP, spatial clustering, and graph-based learning.

* CrisisNet: a fine-tuned BERT classifier for disaster type,
urgency, and resource classification from social media text.

* DemandNet: a GNN model for location-wise priority
resource demand prediction using spatial hotspot graphs.

* A real-time web dashboard with automated multi-channel
alerting for government authorities, NGOs, and rescue teams.
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II.RELATED WORK

Extensive research has addressed various aspects of Al-
assisted disaster management. This section reviews the most
relevant prior works and identifies the gaps addressed by
CrisisSenseAPI.

A. Al-Based Resource Demand Prediction

Zhang et al. [2] developed an Al-based framework for
predicting emergency material demand after earthquakes by
combining a Reasoning Large Language Model with
Retrieval-Augmented Generation (RAG). Validated on
earthquake datasets, the framework improves prediction
accuracy but relies heavily on curated knowledge bases and
high computational resources. Zhang and Chen [3] proposed a
multi-period medical supply adjustment model using
stochastic optimization for medical resource distribution,
though its complexity limits real-time applicability.

TABLE I
Comparison of CrisisSenseAPI with Related Works
Study Method Real | Spati | Resour | API/Dashbo
- al ce ard
Tim Pred.
e
Zhang RAG + LLM Parti | No Yes No
etal. al
(2]
Saleem DeLTranl5 Yes No No No
etal.
[4]
Rezk et Multimodal DL Parti | No No No
al. [5] al
Fan et Hybrid ML+NER Yes | Yes No No
al. [7]
Hossai | ResNet50+BiLSTM | Parti | No No No
netal. al
[6]
Propos | BERT+DBSCAN+ | Yes Yes Yes Yes
ed GNN

B. Social Media Crisis Classification

Saleem et al. [4] introduced DeLTranl5, a lightweight
transformer framework for multiclass disaster post
classification using XtremeDistil and BERT-tiny, achieving
high accuracy with low computational overhead suitable for
edge deployment. Rezk et al. [5] fused BERT with
EfficientNetV2 for multimodal crisis categorization, though
the system requires both text and image inputs.

Fan et al. [7] introduced a hybrid ML pipeline integrating
NER, BERT-based event classification, and graph clustering
for extracting disaster events from Twitter during Hurricane
Harvey, demonstrating effective spatial mapping though
dependent on data quality.

C. Positioning of CrisisSenseAPI

Table I positions CrisisSenseAPI against representative
prior works. Unlike existing approaches that address

individual components in isolation, CrisisSenseAPI provides
an end-to-end, API-driven platform that simultaneously
delivers real-time crisis classification, spatial hotspot
detection, graph-based resource demand prediction, and
automated multi-channel alerting—a combination absent in all
reviewed systems.

III. SYSTEM ARCHITECTURE AND METHODOLOGY

CrisisSenseAPI is designed as a modular, pipeline-based
system. Fig. 1 illustrates the overall architecture. The pipeline
progresses through five stages: Data Ingestion — Crisis
Classification (CrisisNet) — Hotspot Detection (DBSCAN)
— Resource Demand Prediction (DemandNet) — Alert
Generation & Dashboard. All components are integrated via a
Flask-based RESTful API backend connected to a MySQL
database and a Bootstrap-based web dashboard.

A. Data Ingestion and Preprocessing

The system continuously ingests geo-tagged disaster-related
posts from social media platforms via their respective APIs.
The CrisisDataProcessor module performs systematic text
preprocessing: conversion to lowercase, removal of URLs
(http://, https://), hashtags (#), mentions (@), and newline
characters, followed by whitespace normalization. The
preprocessed records are stored in the MySQL database with
associated metadata: timestamp, latitude, longitude, and
source platform. This structured storage enables both real-time
streaming analysis and retrospective batch evaluation.

The system also supports offline evaluation using the
Disaster Tweets dataset from Kaggle (NLP Getting Started
competition), which contains thousands of labeled tweets
across disaster categories (flood, earthquake, wildfire,
cyclone, and other/non-disaster), providing a benchmark for
model training and validation.

B. Crisis Classification: CrisisNet (BERT)

CrisisNet is a fine-tuned BERT-base-uncased [10] classifier
that maps tweet text to disaster type, urgency level, and
required resources. BERT’s bidirectional transformer
architecture captures contextual relationships from both
preceding and following tokens simultaneously, providing
richer semantic representations than unidirectional models.
The model architecture consists of:

* Input tokenization: BERT WordPiece tokenizer with max
sequence length 128, padding, and truncation.

* Encoder: 12-layer, 768-dimensional BERT-base-uncased
with pre-trained weights.

» Classification head: Dropout (p = 0.3) — Linear layer
(768 — num_labels).

» Inference: Softmax over logits — argmax for label
assignment; confidence score from max probability.

The model is fine-tuned on labeled disaster tweet datasets
using cross-entropy loss with the AdamW optimizer. CrisisNet
supports five disaster categories: flood, earthquake, wildfire,
cyclone, and other. For each classified post, the model also
outputs urgency level (critical / moderate / low) and required
resource type (rescue, medical, food, water, shelter). This



International Journal on Applications in Information and Communication Engineering

Volume 12 : Issue 4 : April 2026 , pp 1 — 5 www.aetsjournal.com

ISSN (Online) : 2394 - 6237

structured output drives the subsequent hotspot detection and
resource prediction stages.

C. Hotspot Detection: DBSCAN

Following crisis classification, geo-tagged posts are
clustered using the Density-Based Spatial Clustering of
Applications with Noise (DBSCAN) algorithm [11].
DBSCAN is selected over k-means or hierarchical clustering
for three key reasons: (i) it requires no predefined number of
clusters, (ii) it identifies clusters of arbitrary shape
corresponding to irregular disaster-affected regions, and (iii) it
robustly separates noise (isolated posts) from meaningful
dense regions.

The HotspotDetector module applies DBSCAN to latitude—
longitude pairs of classified crisis posts. Each resulting cluster
represents a geographic hotspot and is enriched with: total post
count, dominant disaster type (mode), average urgency score
(critical = 3, moderate = 2, low = 1), and resource frequency
distribution. These aggregated cluster attributes form the node
features of the spatial graph processed by DemandNet.

DBSCAN parameters (¢ and MinPts) are tuned empirically
based on the spatial density of the input dataset. Noise points
that do not belong to any cluster are excluded from the
demand prediction pipeline, preventing spurious resource
allocations.

D.Resource Demand Prediction: DemandNet (GNN)

DemandNet is a Graph Neural Network model that operates
on the spatial graph of detected hotspot clusters. Each cluster
node i is associated with feature vector x; encoding post count,
average urgency score, and disaster type embedding. An edge
connects nodes i and j if their Euclidean distance falls within a
proximity threshold &. The priority demand score for each
node is computed as:

Priority Score (i) = (post_count; x avg_urgencyi) X (degree;
+1)

This formulation rewards nodes with high crisis activity and
strong spatial connectivity, ensuring that central hotspots
embedded in broader affected regions receive elevated
priority. Based on the dominant disaster type and the
computed priority score, DemandNet generates a structured
resource plan. For floods: boats, clean water, food, and
medical teams; for earthquakes: rescue teams, ambulances,
shelter, and medical support; for wildfires: firefighters, masks,
and evacuation units; for cyclones: shelter, food, water, and
rescue teams. Nodes with priority scores exceeding a threshold
automatically trigger high-priority alerts.

E. Alert Generation and Dashboard

The AlertGenerator module converts DemandNet’s
predictions into structured alert records containing cluster 1D,
geographic centroid, priority score, dominant disaster type,
recommended resources, and status (generated / acknowledged
/ resolved). Alerts are dispatched through multiple channels:
email, SMS, push notifications, and direct API integrations
with government emergency systems and NGO platforms.
Each alert message includes standardized fields to minimize

ambiguity for emergency personnel.

The web-based dashboard, developed wusing Flask,
Bootstrap 4, and MySQL, provides: (i) interactive geospatial
maps with color-coded severity hotspots, (ii) ranked tables of
affected locations by predicted resource demand, (iii) time-
series charts tracking disaster intensity evolution, and (iv)
system performance metrics including data ingestion rate,
model accuracy indicators, and alert delivery statistics. The
dashboard updates continuously as new predictions are
generated by the API pipeline.

F. System Flow

The complete operational workflow is as follows: social
media APIs stream crisis posts — CrisisDataProcessor cleans
and stores records — CrisisNet classifies disaster type and
urgency — HotspotDetector clusters geo-tagged posts into
hotspot regions — DemandNet constructs the spatial graph
and predicts resource priorities — AlertGenerator dispatches
notifications — Dashboard visualizes live results. The
CrisisPipeline orchestration class coordinates all stages in
sequence, ensuring consistent data flow and enabling modular
replacement of individual components.

IV. SYSTEM CONFIGURATION

The system is implemented in Python 3.11 with PyTorch
and TensorFlow for deep learning, Flask as the web
framework, MySQL as the relational database, and Bootstrap
4 for the frontend. The HuggingFace Transformers library
provides the BERT model and tokenizer. The WAMP Server
environment hosts the local development deployment. Table 11
summarizes the hardware and software specifications.

TABLE 11
Hardware and Software Specifications

Component Specification
Processor Intel Core i5 or above
RAM 8 GB minimum (16 GB recommended)
Storage 500 GB SSD
GPU Dedicated GPU (optional, for training)

Operating System Windows 10/11 or Linux

Programming Language Python 3.11

Deep Learning PyTorch, TensorFlow, HuggingFace

Web Framework Flask

Database MySQL (via WAMP Server)

Frontend HTML, CSS, Bootstrap 4

V.EXPERIMENTAL RESULTS AND PERFORMANCE
ANALYSIS

The system is evaluated across four dimensions: (i) crisis
classification accuracy, (ii) hotspot detection, (iii) resource
demand prediction, and (iv) API responsiveness. Experiments
use the Kaggle NLP Disaster Tweets dataset (80/20 train/test
split; flood, earthquake, wildfire, cyclone, and non-disaster
labels) supplemented with three simulated scenarios for spatial
evaluation.
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A. Crisis Classification Performance (CrisisNet)

CrisisNet is evaluated using precision, recall, Fl-score,
accuracy, and AUC on the held-out test set. Table IV presents
per-class and overall performance metrics. The model
achieves an overall weighted F1-score of 91.4% and AUC of
0.94, outperforming lightweight transformer baselines
(XtremeDistil: 88.1% F1, BERT-tiny: 85.3% F1) while
maintaining inference latency under 200 ms per tweet.

D. System and API Performance

Table VI summarizes end-to-end system performance
metrics across the complete CrisisSenseAPI pipeline. The
system achieves all target performance thresholds,
demonstrating practical readiness for real-time disaster
response deployment.

TABLE IV
CrisisSenseAPI — CrisisNet Classification Performance
Class Precision Recall F1-Score | Support
(%) (%) (%)
Flood 92.3 91.8 92.0 412
Earthquake 90.5 89.7 90.1 387
Wildfire 88.9 90.2 89.5 298
Cyclone 91.0 92.1 91.5 341
Other / Non- 87.4 86.5 86.9 562
Disaster
Weighted Average 90.8 91.0 91.4 2000
The most common misclassification occurs between

Wildfire and Other categories (FP rate: 6.1%). Sensitivity =
90.8%, Specificity = 88.0%, and AUC = 0.94 confirm strong
discriminative capability (Accuracy = 0.92, Precision = 0.91,
Recall =0.90, F1 =0.91).

B. Hotspot Detection Results

DBSCAN is evaluated on three simulated disaster scenarios
with known ground-truth hotspot regions. Table V presents
detection performance. The algorithm correctly identifies all
major hotspot clusters and achieves an average cluster purity
of 93.2%, with noise correctly filtered in all scenarios.

TABLE VI

CrisisSenseAPI End-to-End Pipeline Performance

Performance Metric Measured Target | Status
Value
Classification Accuracy (%) 92.0 >90 | PASS
Weighted F1-Score (%) 914 >90 | PASS
AUC (ROC) 0.94 >0.85 | PASS
Hotspot Detection Accuracy (%) 94.7 >90 | PASS
Cluster Purity (%) 93.2 >90 | PASS
Demand Prediction Correlation (r) 0.91 >0.85 | PASS
API End-to-End Response Time 32 <35 PASS
(s)

CrisisNet Inference Latency (ms) 180 <300 | PASS
Alert Generation Time (s) 0.9 <2 PASS
Dashboard Update Latency (s) 1.8 <3 PASS
Packet Loss Rate (%) 2.3 <5 PASS
System Reliability (%) 96.8 >95 | PASS

TABLE V
Hotspot Detection Results Across Disaster Scenarios
Scenario Total True Detected | Noise Cluster
Posts | Hotspots (%) Purity
(%)
Flood — 2,450 7 7 4.2 94.1
Scenario 1
Earthquake — | 1,830 5 5 5.8 923
Scenario 2
Cyclone — 3,120 9 8 3.6 93.1
Scenario 3
Average — — — 4.5 93.2

C. Resource Demand Prediction

DemandNet’s priority scoring is evaluated by comparing
predicted resource allocation rankings with ground-truth
allocation records from historical disaster datasets. The model
correctly identifies top-priority clusters (requiring immediate
deployment) in 94.7% of test cases, with a Pearson correlation
of r = 0.91 between predicted priority scores and actual
resource deployment magnitude. Average resource plan
generation time is 0.9 s per pipeline run.

VI. SYSTEM TESTING

A structured testing regimen was conducted to validate all
system components across five testing levels.

A. Unit and Integration Testing

Unit testing verified each module independently: the
CrisisDataProcessor correctly normalizes and tokenizes all
2,000 test tweets; CrisisNet inference returns valid label-
confidence pairs for all inputs; the HotspotDetector produces
non-overlapping, noise-filtered cluster outputs; and
DemandNet generates structured resource plans for all cluster
inputs. Integration testing confirmed correct data flow across
module boundaries, proper database read/write operations, and
dashboard rendering of live prediction results.

B. System and Performance Testing

System testing with real-time tweet streams confirmed end-
to-end pipeline correctness. Performance testing under high-
load conditions (1,000 concurrent API requests) demonstrated
stable response times without system failure. Table VII
presents selected test case results.

Three bugs were identified and resolved during testing:
(BO1) incorrect classification for ambiguous short tweets—
resolved via additional fine-tuning on edge-case examples;
(B02) DBSCAN processing delay on datasets exceeding 5,000
posts—resolved via batch processing and spatial indexing;
(B03) alert notification delay under network congestion—
resolved via asynchronous alert dispatch with retry logic.
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VII. DISCUSSION

The experimental results confirm that CrisisSenseAPI
effectively addresses the three principal failures of traditional
disaster management: slow information collection, lack of
real-time spatial analytics, and ad hoc resource allocation.
CrisisNet’s bidirectional contextual encoding outperforms
lightweight transformer alternatives by capturing subtle
urgency signals in informal social media language.
DBSCAN’s parameter-free cluster discovery adapts to the
irregular spatial distribution of disaster-affected regions
without manual tuning. DemandNet’s graph-based demand
scoring—which rewards both cluster magnitude and spatial
centrality—aligns  strongly ~ with  empirical resource
deployment patterns (r = 0.91).

The system’s RESTful API architecture enables seamless
integration with existing government emergency management
systems, NGO platforms, and rescue coordination tools. The
role-based access control (Admin, Government Authority,
NGO, Rescue Team, Citizen) ensures that each stakeholder
receives appropriately scoped, actionable information. The
citizen participation module—enabling donation management,
volunteer registration, and crowd-sourced crisis reporting—
creates a bidirectional information flow that further enriches
the pipeline’s input data quality.

A key limitation is the system’s current reliance on text-
based social media data; image and video content are not yet
analyzed. Additionally, the BERT model performs best on
English-language tweets; multilingual support requires fine-
tuning on multilingual corpora. Geographic coverage depends
on the availability and quality of geo-location metadata in
social media posts, which can be sparse in certain regions.

VIII.CONCLUSION AND FUTURE WORK

This paper presented CrisisSenseAPI, a comprehensive Al-
powered disaster response platform integrating BERT-based
crisis classification (CrisisNet), DBSCAN-based spatial
hotspot detection, and Graph Neural Network-based resource
demand prediction (DemandNet) within a unified RESTful
API backed by a real-time web dashboard. Experimental
results demonstrate a classification F1-score of 91.4%, hotspot
detection accuracy of 94.7%, demand prediction correlation of
r = 091, and an end-to-end API response time of 3.2
seconds—all satisfying operational deployment targets.

CrisisSenseAPI transforms large volumes of unstructured
social media data into structured, location-specific, priority-
ranked resource recommendations. By automating crisis
detection, spatial analysis, and alert dissemination, the system
significantly reduces the response time gap between disaster
onset and coordinated relief deployment, potentially saving
lives in time-critical scenarios.

Future work will address the identified limitations through:
(1) multimodal analysis integrating computer vision for image
and video damage assessment; (ii) multilingual crisis detection
using multilingual BERT (mBERT) and XLM-RoBERTa to
support diverse linguistic communities; (iii) reinforcement
learning-based resource allocation optimization for dynamic,

multi-objective relief planning; (iv) federated learning to
enable privacy-preserving model training across distributed
disaster management agencies; and (v) live field trials with
disaster management agencies to validate operational
performance in real-world large-scale events.
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